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ABSTRACT
This study examines HIV testing accessibility in the Baton Rouge Metropolitan
Statistical Area (BR MSA) using the two-step floating catchment area (2SFCA) method to
calculate accessibility scores for free, low-cost and all other HIV testing facilities. The two goals
of this research are to apply accessibility estimation methods to HIV testing facilities, and to
examine the accessibility of HIV testing facilities in the BR MSA. To achieve these goals, this
study uses several research methods. The data about HIV testing providers and their locations
were collected through Internet searches. By means of a fieldwork, the data were checked,
revealing that only 20% of the free HIV testing providers found online are active and free.
Almost all free testing providers are clustered in the largest cities, many facilities claimed as
“free” turned out to be “low-cost” instead. A disaggregation technique with a linear regression
was used to acquire the HIV prevalence rate at the census tract level, because it is only available
at the parish/county level. To address accessibility questions, geographical methods, including
mapping, the 2SFCA method, and the hot spot analysis were used. The low-cost testing providers
are allocated equally throughout the study area and partly compensate the lack of free HIV
testing providers for people outside of the largest cities. Almost all population of the BR MSA
has access to HIV testing facilities, low-cost and fully charged, within a 30-minute driving time
threshold. However, people living in the outskirts of the BR MSA have no access to free HIV
testing providers even within a 40-minute driving time threshold.

xi

CHAPTER 1. INTRODUCTION
After almost 40 years of a strife against the HIV epidemic, the United States declared an
initiative to stop the spread of the virus in the country by 2030 (HIV.gov, 2019c). This ambitious
goal requires multiple efforts in different spheres. However, the first step is to diagnose all
people with HIV as early as possible (HIV.gov, 2019c), because undiagnosed patients present a
danger as the disease spreading agents (Marks, Crepaz, & Janssen, 2006). Up to 40% of people
living with HIV/AIDS (PLWHA) got the virus from a person who was not aware of having the
infection (CDC, 2019f).
A significant part of the effort should be applied in the South, because the Southern states
bare an unequal burden of the epidemic: having only 38% of the country’s population, it
concentrates 52% of annual HIV infections and 46% of the PLWHA in 2018 (CDC, 2018b; U.S.
Census Bureau, 2018a). Metropolitan statistical areas are the objects of special interest in the
battle against the HIV epidemic, because most of the new cases appear in the biggest cities. The
Baton Rouge Metropolitan Statistical Area (BR MSA) is a large aggregation of cities (with a
population of 851,622 in 2017) (U.S. Census Bureau, 2018a). The capital of the state of
Louisiana, Baton Rouge, was ranked 4th in the Nation by the number of newly diagnosed HIV
cases in 2017. At the same time, the BR MSA has the highest percent of undiagnosed cases,
namely 18.2% in 2016, according to Centers for Diseases Control and Prevention (CDC)
estimates (CDC, 2019b).
To fulfill the national and state goals to stop the HIV epidemic in the United States, it is
crucial to raise the awareness of HIV-infected individuals about their HIV-positive status
(Louisiana HIV Planning Group, 2016; ONAP, 2015). In the National HIV/AIDS strategy for the
United States, the first goal claimed is, “Reducing new HIV infections” (ONAP, 2015, p. 15),
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and the first step to fulfil this goal is to “Intensify HIV prevention efforts in the communities
where HIV is most heavily concentrated” (ONAP, 2015, p. 17). This step includes the
development of HIV diagnostic tests and widespread testing efforts. HIV testing is not the only
thing needed to reduce the scale of the epidemic, but it is the main priority for successful actions
against HIV.
The approach to HIV testing has recently changed. Instead of testing only groups of
people considered at a “higher risk”, CDC recommends testing everybody who came to a
medical facility, including emergency rooms, for any kind of care (Branson et al., 2006). This
measure helps to increase the number of patients tested each year, however, the percentage of
individuals who have been tested is still low, and regular testing is not common. For example,
only 42.5% of the Louisiana population has been tested for HIV at least once, and the number is
the same for the city of Baton Rouge (CDC, 2018a). For an individual who is willing to make a
test, there are several options. As recommended by the CDC, the test may be a part of a routine
appointment with a primary care specialist, a hospital, or a specialty clinic visit. The other
common option is to visit a specialized testing provider to make a test without a doctor’s referral,
for example, a walk-in laboratory. It is even possible to buy a take-home HIV test in a pharmacy.
All testing providers are divided into two groups: free and paid. Paid options should be covered
by any insurance plan (HIV.gov, 2019a), and free options are funded by national and state
programs. However, it was found that the most vulnerable people, who are at the highest risk to
be HIV infected, are the least probable to get tested within medical settings, because of financial
problems, lack of insurance, and stigma (Branson et al., 2006). The lack of an insurance was
called the main reason to not being tested earlier by 17% of respondents in Louisiana, who
finally requested the test from a free provider (Louisiana HIV Planning Group, 2016).
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It is expected that more accessible free testing facilities would increase the number of
tested individuals among the most vulnerable population. However, there is no published
research enlightening the topic of free or paid HIV testing geographical accessibility. The two
goals of this research are to apply accessibility estimation methods to HIV testing facilities, and
to examine the accessibility of HIV testing facilities in the BR MSA. These goals suggest several
research questions. First, are there free HIV testing facilities in the BR MSA and where are they
located? Second, what is the measure of accessibility for the general population to HIV testing
options? Third, what is the measure of accessibility for the vulnerable population to free HIV
testing options? Forth, are there patterns in the accessibility distribution?
To address the proposed questions, this study uses Internet search, fieldwork, statistical
analysis, and geographical methods, including mapping, the two-steps floating catchment area
(2SFCA) method, and the hot spot analysis. In Chapter 2, various approaches to accessibility
analysis are discussed. Chapter 3 describes the study area and why the BR MSA is the location
where HIV epidemic should be studied in the most extensive way. In Chapter 4 data sources for
this study are described, as well as the methods used to prepare the data for analysis. Chapter 5
gives an overview of geographical methods used and the way they were performed in statistical
and GIS software, namely disaggregation techniques, the 2SFCA method, a road network
modelling, and the hot spot analysis. Chapter 6 presents the analysis of this study’s results.

3

CHAPTER 2. LITERATURE REVIEW
2.1. HIV testing role and policies
In 2017 UNAIDS, an agency under the United Nations organization, declared the 90-9090 plan: “An ambitious treatment target to help end the AIDS epidemic” in the World by 2030.
The plan includes three goals to be fulfilled by 2020: (1) 90% of HIV-positive people know their
status, (2) 90% of people tested positive are involved in antiretroviral therapy (ART), and (3)
90% of those involved in ART have sufficient viral suppression, and become significantly less
contagious (UNAIDS, 2017). As part of the World plan, a program for the United States was
called Ending of the HIV Epidemic (EHE) – A Plan for America, declared by the President’s
administration in February 2019. The EHE plan goals are to reduce new HIV cases rates by 75%
in the next 5 years and by 90% by the year 2030 (HIV.gov, 2019c). The initiate allocates
additional $291 million to the $21 - $29 billion that the U.S. Government spends each year on
domestic HIV treatment and care measures (Giroir, 2020; KFF, 2019). The smallest part of the
domestic HIV budget, from 3% to 4% in the last 5 years, went to preventive measures (KFF,
2019). The board chair of the Southern AIDS Coalition Kathie Hiers (2020) noticed that the EHE
plan is almost 100% for medical purposes, and do not address other important aspects
influencing the epidemic, such as awareness, stigma, and testing accessibility.
The accomplishment of such ambitious and promising plans is not an easy task, however,
in the Southern states it transforms to an even more challenging problem. In 2018 U.S. South
concentrated 52% of new HIV diagnosis and 46% of the adult and adolescent PLWHA, while
having only 38% of the country’s total population (CDC, 2018b; U.S. Census Bureau, 2018a).
There are several factors which make the South the most HIV-affected region of the United
States, including stigma and structural racism, lower levels of funding compared to other regions,
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insufficient number of specialized caregivers, increased barriers due to social determinants of
health (high rates of uninsured and underinsured population, poverty and unemployment rates,
etc.), and lack of access to healthcare (Colasanti & Armstrong, 2019). Vast rural areas, lack of
decent public transportation systems, together with pervasive poverty and poor educational
systems that often ignore sexual health, dramatically reduce healthcare accessibility, both
geographically and financially (Hiers, 2020). Coexisted diagnoses, such as mental health issues,
substance abuse, and other sexually transmittable diseases (STD), are very common (up to 50%
of PLWHA have coexisted diagnoses) and may exacerbate discrimination, patient’s financial
burden, and reduce willingness to receive medical treatment, making healthcare even more
complicated (Colasanti & Armstrong, 2019). The Southern states need additional efforts to reach
UNAIDS and National goals of ending HIV epidemic in the next decade.
Early diagnostics of HIV provides multiple advantages: it gives infected individuals a
chance for a longer and healthier life, an opportunity to keep their partners and future children
safe and helps lower the count of new cases in the community (Armstrong & Taege, 2007;
Kapadia & Landers, 2020). With the help of modern ART, HIV can be prevented from
developing into its most dangerous AIDS stage. The malignant consequences of AIDS can be
delayed for years or decades, allowing PLWH live a life of a healthy individuals. Moreover,
ART reduce the count of virus agents in the blood of infected people to the level low enough for
a person to become noncontagious through unprotected sex, both heterosexual and homosexual
(Rodger et al., 2016). Appropriate testing and early treatment of pregnant women reduce
probability of transferring the virus to a baby to less than 1% (Armstrong & Taege, 2007).
Studies showed that HIV patients aware of their status behave with more responsibility. The
majority of them start using ART and prefer safe sexual practices, which reduce the chance of
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the virus transmission to other people (Marks, Crepaz, Senterfitt, & Janssen, 2005; Marks et al.,
2006). Therefore, increasing awareness among HIV infected individuals about their positive
status is a clue to reduction in number of new cases of the disease.
AIDS has a long incubation period and the virus may persist in a body for years without
showing any suspicious symptoms (Anderson & Medley, 1988). Even if there is an acute HIV
period, it is often confused with other virus infections such as influenza or mononucleosis,
because they have similar symptoms (Coco & Kleinhans, 2005). This is just another reason why
many people with HIV do not know they have it and do not seek medical help. In 2002, 25% of
PLWH in the United States were not aware of their status, while 16-22 million people were
tested annually (Branson et al., 2006). According to the Center for Disease Control and
Prevention, 1 in 7 people living with HIV (about 15%) in the USA are unaware of their status
(CDC, 2019c), but this number is up to 1 in 5 (18.2%) in the Southern States (CDC, 2019g).
People unaware of their HIV-positive status continue to unconsciously spread the disease, taking
responsibility for about 40% of new cases yearly (CDC, 2019f; Marks et al., 2006).
Kapadia and Landers (2020), the editors of the American Journal of Public Health, name
the accessibility of HIV testing “The first and most crucial step in any effort to eliminate HIV”
(p. 15). They also mention providing equal access and overall testing as the most challenging
part of the plan.
Recommended screening guidelines were changed several times in the last 30 years.
After the first HIV test became available in 1985, it became widely provided and less expensive.
In 1987 the United States Public Health Service (USPHS) issued the first guidelines
recommending HIV screening for several high-risk groups, such as persons with other STDs and
those who practiced certain behaviors (Branson et al., 2006). In the following 20 years,
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diagnostic testing of high-risk individuals only became ineffective, because the epidemic
changed a lot, involving young adults and adolescents, heterosexual men and women, rural
residents and other parts of the population not considered as high-risk (Branson et al., 2006;
Liddicoat et al., 2004). The old strategy failed to reveal a substantial part of the infected
population (Armstrong, 2007), thus, the need to change the guidelines arose.
In 2006 CDC published the Revised Recommendations for HIV Testing of Adults,
Adolescents, and Pregnant Women in Health-Care Settings (Branson et al., 2006). Those
recommendations are still valid (CDC, 2019d). From 2006, HIV screening has become a part of
routine medical practice: CDC recommends everyone between age 13 and 64 to get tested for
HIV at least once as a part of their routine healthcare check-ups and suggest a volunteer HIV
testing for all patients in medical settings. For people who practice specific risk behaviors (such
as men who have sex with men, injection drug users, multiple sex partners during a year, etc.)
and for people with specific diagnosis (tuberculosis, hepatitis, new diagnosed STD, etc.) it is
recommended to get tested at least once a year, or even once in 3-6 months. The new testing
strategy changed the approach to HIV: this is no more a disease affecting only a small group of
people who practice specific behaviors. Making HIV screening a routine healthcare procedure
will reduce stigma and help more patients to become aware of their status earlier, when there is
still time to act (Branson et al., 2006).
Through the efforts of the Mayor-President of Baton Rouge, Sharon Broome, the total
number of HIV tests performed in the city almost doubled from 18,280 in 2016 to 33,312 in
2018 (City of Baton Rouge, 2019). The impressive increase was possible due to the
implementation of new CDC recommended initiative – all emergency room patients undergo
opt-out tests: patients are informed that an HIV test will be administered unless they explicitly
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refuse it. This helped to decrease the number of new AIDS cases revealed yearly, because HIVinfected individuals receive the test earlier than developing it to the latest stage of the disease
(Krueger et al., 2019). However, while the total number of tests and percentage of the covered
population has increased, the initiative does not have any effect on the number of voluntary tests.
Those, who do not have any current health issues in need for medical assistance in a hospital or
an emergency room, or do not require the assistance because of lack of funds or insurance, are
not involved in the testing process. Relatively low access to healthcare facilities and HIV care
providers is one of the main reasons of decreased testing rates in rural communities (Ohl &
Perencevich, 2011). Insufficient testing rates lead to a higher percentage of late-stage (AIDS)
diagnoses (Krueger et al., 2019).
Henceforth, people are encouraged to take an HIV test regardless if they belong to any
high-risk group. Governmental health institutes together with non-commercial organizations
raise awareness informing people about HIV risks and ART benefits (CDC, 2019c, HIV.gov,
2019b). An HIV test is available at all hospitals, at many specialty clinics, and at walk-in
laboratories. Non-profit health care organizations provide mobile laboratories to test people
during public events. HIV test costs should be covered by any health insurance plan without a
co-pay, as required by the Affordable Care Act, besides, there are facilities that provide free or
low-cost tests for those who have no insurance (CDC, 2019c). Also, in-home HIV tests are
available at stores and pharmacies. However, the abovementioned options are not suitable for
everybody because of transportation reasons or service costs (for the uninsured population). As
the authors of Revised recommendations for HIV testing… noticed, “Often, however, the
population most at risk for HIV includes persons who are least likely to interact with the
conventional health-care system” (Branson et al., 2006, p.12). To provide equal service for all
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populations, free HIV testing facilities should be located in correspondence with the population
distribution.
2.2. Spatial accessibility measurements
McLafferty (2003) notes that most people are willing to travel farther to obtain
specialized or higher-quality care. However, nowadays HIV testing is no longer an innovation; it
is considered a standard medical procedure and expected to be easily available. The frequency of
routine medical/dental care trips is estimated to decline exponentially with increase in travel
time, with average travel time of 22.8 minutes, and 75% of trips shorter than 30 minutes (Mao &
Nekorchuk, 2013). Determining facilities’ accessibility is an important step in the process of
healthcare needs assessment (McLafferty, 2003).
Accessibility is a measure of people’s ability and ease to get the service needed (Mao &
Nekorchuk, 2013; McLafferty, 2003; Wang, 2012). In general, two different main approaches
exist: spatial and non-spatial (Wang, 2006). In public health care, the non-spatial accessibility
component includes parameters such as working hours, waiting time, service costs, special
accommodation for people with disabilities, and other issues, such as stigma and privacy. Spatial
accessibility estimates proximity of supply locations (medical facilities) to demand locations
(current or potential clients of those medical facilities) (Mao & Nekorchuk, 2013) in terms of
distance or travel time by various means of transportation. Several methods are commonly used
to measure spatial accessibility of public health facilities. These methods can be divided into two
groups: area-based and distance-based.
A good example of an area-based method is a ratio of available facilities count to 10 (or
100) thousand people in an administrative unit (city, county, state). This is the most common
method used in official statistics reports (for example, number of hospital beds per 1,000 people
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is reported in the World Bank report, https://data.worldbank.org/). Another method compares
supply to demand densities in a regular square cell netting covering the entire study area. In the
case study of pediatric primary care accessibility in Washington, D.C., authors used kernel
interpolation to calculate providers’ density (supply) and number of children per square mile
(demand) (Guagliardo, Ronzio, Cheung, Chacko, & Joseph, 2004).
Distance-based methods are more sophisticated and consider individuals’ traveling across
administrative borders. Therefore, these methods require road network and supply/demand
location coordinates data to calculate distance and/or travel time. The most straightforward way
is to find the shortest distance or travel time to the nearest supply location. Brabyn and Shelly
(2002) modelled a minimum travel distance to the closed hospital for 38,000 enumeration units
in New Zealand to find that people in the most northern and the most southern parts of the
country were the most underserved. Another approach is to use gravity-based models to calculate
accessibility of each demand location as a ratio of supply capacity to supply-demand distance
with the travel friction coefficient (Wang, 2006). Joseph and Bantock (1982) chose this method
to estimate access to primary physicians in rural areas of Ontario, Canada.
The Two-Step Floating Catchment Area (2SFCA) method (Luo & Wang, 2003) is an
advanced and relatively new distance-based method of measuring accessibility. Unlike earlier
methods it takes into account both reachability (distance or travel time) and crowdedness of
facilities together with its capacity (number of beds in a hospital, number of primary care
physicians in a clinic). For example, the floating catchment area method (Luo, 2004), a precursor
of 2SFCA, assesses accessibility based on reachability as the only factor (Wang, 2006). The
2SFCA is widely used for accessibility analysis and many authors (Ikram, 2014; Mao &
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Nekorchuk, 2013; Paul & Edwards, 2019; Wang & Roisman, 2011) chose this method to
estimate accessibility to health care facilities.
Results of distance-based methods depend on the chosen distance measurement.
Depending on data availability and the accuracy that is required, one may use the simple
Euclidean distance or more complex travel time estimates, disaggregated by transportation mode.
In each area of interest, the population is divided into groups by primary means of transportation
choice. Among other possible reasons, the distance to be travelled, terrain, mileage costs, and
public transportation availability affect this preference. Mao and Nekorchuk (2013) suggested an
addition to the 2SFCA method, namely a multi-mode measure, to go beyond a standard
assumption that all clients use the same means of transportation, in most cases, a car. This
assumption is not always appropriate, especially when a considerable part of the population of
interest do not drive (for example, low-income population or school students). Other
improvements to the 2SFCA method were recently suggested by different authors. For example,
an enhanced two-step floating catchment area (E2SFCA) method adds weights to travel time
zones in both steps to consider distance decay as a parameter affecting people’s choice of service
provider (Luo & Qi, 2009). In the other example, Wang and Roisman (2011) suggest two-zone
accessibility model with different thresholds for urban and rural areas, considering people who
live in rural areas are willing to travel longer to get services they need.
Irrespective of the method, the accessibility estimation is calculated as a final supply-todemand (service-to-population) ratio for a population of interest in a chosen administrative unit.
This result may be provided in a table or map form for direct use or undergo further analysis.
Global spatial autocorrelation techniques, such as Moran’s I (Moran, 1950) and Getis–Ord
General G (Getis & Ord, 1992), could be used to measure the access inequality throughout the
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whole study area. A local version of Moran’s I - Local Indicator of Spatial Association (LISA)
(Anselin, 1995) or a local version of General G – Getis–Ord Gi* (Getis & Ord, 1992) - help to
identify borders of comparatively high access clusters and low access clusters. Talen and Anselin
(1998) examined the equity of public services accessibility and applied LISA to compare results
across different methods measuring accessibility of playgrounds in Tulsa, Oklahoma. Local
spatial autocorrelation can also be used to find clusters of low and high accessibility, in case
accessibility coefficients’ pattern is difficult to interpret (Liu, 2019).
2.3. Disaggregation techniques
Accessibility analysis usually requires fine scale population data, for example, at the
census tract or census block group level. Many population characteristics are available at this
level, including total population, sex, age, education, etc. (the United States Census Bureau
publishes data from decennial censuses and yearly estimates). However, specific parameters may
not be available with such details. For example, HIV prevalence is only published for larger area
units, including county/parish, MSA, or state. To collect the data required for the accessibility
analysis, high-level data should be disaggregated into the smaller units. However, this process is
associated with a problem widely known as the ecological inference problem. King (1997)
suggested to utilizing regression models to predict parameters at disaggregated level by known
dependences of the response variable to its predictors. His suggestion was a combination of
previously used methods, including the method of bounds, homogeneous areas, and the
ecological regression, with some new insights (Kousser, 2001). The new method was built on the
assumption that the relation of the response variable to its predictors is the same at both
aggregated and disaggregated levels of the same geographical area. After King’s fundamental
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work, more investigations appeared on this topic, including applications of the geographically
weighted regression (Calvo & Escolar, 2004) and autocorrelation (Haneuse & Wakefield, 2004).
2.4. Travel time predictions
The last piece of data needed for accessibility analysis is an estimate of the distance, or,
for more precise estimations, the travel time between demand and supply locations. In other
words, an origin to destination (O-D) travel time matrix is required (Wang & Xu, 2011).
Contrary to distance measurements, travel time directly depends on means of transportation used.
Therefore, travel time may be measured as walking time, driving time, or public transportation
use time. However, all of these choices are very difficult to estimate and predict. For walking
distance, it is almost impossible to measure all possible walking ways; for public transportation,
there are various types of vehicles with restricted routes, different speed, fixed connection points
between routes, and unpredictable waiting time. Driving time possesses the most straightforward
ways of prediction but is complicated by dynamic changes in travel speed because of altering
traffic conditions.
Many methods exist to predict driving time and most of them are used in real time
driving navigation systems. Those are naïve, instantaneous, historical, hybrid, and other models,
divided in groups based on assumptions about future traffic patterns (Mori, Mendiburu, Álvarez,
& Lozano, 2015). For research purposes, it is also possible to use Google Maps API to calculate
route length or driving time matrix, with or without traffic data, using Google algorithms and
network. The service is free within certain limits. However, Google requires the user to provide a
credit card in order to gain access to its resources. To estimate driving time without considering
traffic congestions, Luo and Wang (2003) generated the road network inside a study area and
modeled speed limits by road type and population density.
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County level research of comprehensive, coordinated HIV care in 16 Southern states and
the District of Columbia by Kimmel et al. (2018) showed inadequate geographical accessibility
with six-fold driving time differences between urban and rural areas and significant racial/ethnic
disparities. In this thesis, road network modelling, the 2SFCA by shortest driving time and
spatial autocorrelation methods will be used to estimate the equity of access to completely free,
low-cost, and fully charged HIV tests for the BR MSA population at the census tract level.
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CHAPTER 3. STUDY AREA
This work examines the question of HIV testing facilities’ accessibility, which are of the
highest demand where HIV epidemic is the highest. The U.S. South bares a disproportionally
larger share of the epidemic than other US regions. Both living cases (PLWHA) rate (Figure 3.1)
and new cases per year (Figure 3.2) rate are high in the U.S. South (CDC, 2018b; Hiers, 2020;
Colasanti & Armstrong, 2019). Therefore, the Southern states, including Louisiana and
Mississippi – the area of interest for this thesis research, – attract public attention as a region in
need of additional efforts to fight against the HIV epidemic.

Figure 3.1. HIV prevalence rate in the contiguous US states (data from CDC, 2019e;
borders U.S. Census Bureau, 2019; color scheme Brewer, 2019; software ESRI, 2018).
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Figure 3.2. New cases of HIV rate in the contiguous US states (data from CDC, 2019e;
borders U.S. Census Bureau, 2019; color scheme Brewer, 2019; software ESRI, 2018).
From the very beginning of the epidemic, most HIV cases happen in the large cities
(Gardner et al., 1989). Based on the data, the HIV epidemic is disproportionally more intense in
large metropolitan areas. More than ¾ of all infected people live in metropolitan areas with
populations of 500,000 people and more. Also, about 80% of new cases diagnosed yearly occur
in those large urbanized areas. New cases rate and the prevalence rate in the largest MSAs are
almost two times higher than in smaller MSAs (up to 500,000) and three times higher than in
nonmetropolitan areas (Table 3.1). Among MSAs ranked in the TOP-25 by new cases rate, 21
are in the U.S. South (CDC, 2019a).
The BR MSA is one of the large urbanized areas, located in the U.S. South (Figure 3.3).
The population of the BR MSA was 851,622 people in 2017. Moreover, it is situated nearby and
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also closely connected, culturally and economically, with another huge MSA, the New Orleans–
Metairie, with a population of 1,260,660 in 2017. Two other neighbors of the BR MSA, namely
the Lafayette MSA and the Houma–Thibodaux MSA, fall into the category of smaller urbanized
aggregations, which had populations of 487,633 and 211,179 (2017), correspondingly (U.S.
Census Bureau, 2018a).
Table 3.1. HIV prevalence and new cases in US MSAs (data from CDC, 2019a).

MSA of residence
MSAs (population of ≥500,000)
MSAs (population of 50,000–499,999)
Nonmetropolitan areas
Total

New Cases, 2017
No.
Rate
31,160
16.6
4,865
9.9
2,275
5.8
38,667
14.0

PLWHA, year-end 2016
No.
Rate
785,516
422.8
99,330
203.2
54,459
140.0
1,000,719
365.8

Figure 3.3. Metropolitan Statistical Areas in and around the study area (data from CDC,
2019a; borders U.S. Census Bureau, 2019; software ESRI, 2018).
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Among thirteen MSAs located in Louisiana and Mississippi (Figure 3.3), four were in the
TOP-10 of all US MSAs by annual new cases rate (2017) (Table 3.2). With the rate of new cases
being 31.4 per 100,000 population in 2017, the BR MSA was ranked the 4th highest in the
country, immediately following such large MSAs as Miami–Fort Lauderdale–West Palm Beach,
FL (rate – 40.1), Atlanta–Sandy Springs–Roswell, GA (33.3), and Orlando–Kissimmee–Sanford,
FL (31.5) (CDC, 2019a).
Table 3.2. HIV prevalence and new cases in Louisiana and Mississippi MSAs, which are
among the TOP-10 US MSAs ranking by new cases diagnosed yearly (data from CDC, 2019a).

Baton Rouge, LA
New Orleans–Metairie, LA
Jackson, MS
Memphis, TN–MS–AR

New Cases, 2017
No.
Rate
Rank
217
31.4
4
333
31.1
5
139
29
6
292
26.4
8

PLWHA, year-end 2016
No.
Rate
5,063
731.2
7,626
716.2
2,875
601.3
6,887
624.5

Considering this situation, the BR MSA, and particularly the East Baton Rouge Parish, is
chosen for active actions against epidemic within the framework of Phase 1 of the Ending the
HIV Epidemic initiative under the authority of the US Government. The Phase 1 embraces 48
counties and parishes that together account for more than 50% of all PLWHA in the country
(more than half of them are in the South). The East Baton Rouge Parish, together with Baltimore,
MD, and DeKalb, GA counties were chosen first for funds allocation in the fiscal year 2019
(CDC, 2019g), making the BR MSA one of the jumpstart locations for the Ending the HIV
Epidemic initiative.
The study area in this research includes the following ten Louisiana parishes of the BR
MSA: Ascension, Assumption, East Baton Rouge, East Feliciana, Iberville, Livingston, Pointe
Coupee, St. Helena, West Baton Rouge, and West Feliciana parishes. The most recent changes of
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the BR MSA borders happened in September 2018, when Assumption Parish was added (Office
of Management and Budget, 2018a, 2018b).
To reduce ‘spatial edge effects’ adjacent parishes (in Louisiana) and counties (in
Mississippi) were included to the study area, forming a buffer zone at least 15 miles from the BR
MSA border (Luo & Wang, 2003). Included in the buffer zone are 12 Louisiana parishes –
Avoyelles, Concordia, Iberia, Lafayette, Lafourche, St. James, St. John the Baptist, St. Landry,
St. Martin, St. Mary, Tangipahoa, and Terrebonne – and 4 Mississippi counties – Adams, Amite,
Pike, and Wilkinson (Table 3.3, Figure 3.4).
Table 3.3. Parishes and counties included in the study area (data from U.S. Census
Bureau, 2018a)
Population,
Parish
Parish/County Seat
State
2017
Baton Rouge Metropolitan Statistical Area
Ascension Parish
Assumption Parish
East Baton Rouge Parish
East Feliciana Parish
Iberville Parish
Livingston Parish
Pointe Coupee Parish
St. Helena Parish
West Baton Rouge Parish
West Feliciana Parish

Donaldsonville
Napoleonville
Baton Rouge
Clinton
Plaquemine
Livingston
New Roads
Greensburg
Port Allen
St. Francisville

Louisiana
Louisiana
Louisiana
Louisiana
Louisiana
Louisiana
Louisiana
Louisiana
Louisiana
Louisiana

119,129
22,881
446,167
19,553
33,122
137,096
22,271
10,509
25,518
15,376

Mississippi
Mississippi
Louisiana
Louisiana
Louisiana
Louisiana
Louisiana
Mississippi
Louisiana
Louisiana
Louisiana

31,583
12,574
41,095
20,211
73,346
238,230
98,112
39,763
21,485
43,565
83,580

Buffer zone
Adams County
Amite County
Avoyelles Parish
Concordia Parish
Iberia Parish
Lafayette Parish
Lafourche Parish
Pike County
St. James Parish
St. John the Baptist Parish
St. Landry Parish
(table cont’d)

Natchez
McComb
Marksville
Vidalia
New Iberia
Lafayette
Thibodaux
Magnolia
Convent
Edgard
Opelousas
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Parish

Parish/County Seat

St. Martin Parish
St. Mary Parish
Tangipahoa Parish
Terrebonne Parish
Wilkinson County

St. Martinville
Franklin
Amite City
Houma
Woodville

Population,
2017
Louisiana
53,609
Louisiana
52,578
Louisiana
128,850
Louisiana
113,067
Mississippi 9,084
State

Figure 3.4. Study area with the main cities (data from U.S. Census Bureau, 2018a;
borders U.S. Census Bureau, 2019; software ESRI, 2018).
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The map of prevalence rates (PLWHA per 100,000 population) for Louisiana parishes
and Mississippi counties shows a dappled pattern of epidemic distribution (Figure 3.5). The
darkest areas are most likely to be found in and nearby the largest cities reflecting the intensity of
the epidemic. However, rural areas can have a high rate, if they have comparatively large number
of cases (albeit very small in comparison with urbanized areas) and low population count
(significantly less than 100,000 people), representing rate estimates of rare events in small
populations problem (Wang, 2006). For example, this explains the high prevalence rate in the
northwestern part of Mississippi.

Figure 3.5. HIV prevalence rate in parishes of Louisiana and counties of Mississippi (data
from AIDSVu, 2018b; borders U.S. Census Bureau, 2019; color scheme Brewer, 2019; software
ESRI, 2018).
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The pattern on a map of new cases rates (newly diagnosed cases per 100,000 population)
(Figure 3.6) evidently correlates with the pattern on the prevalence rate map. This map shows
another problem connected with estimates of rare events in small populations. In counties and
parishes with small populations and small number of cases the data is suppressed, in other words
hidden from publishing, mostly because of privacy reasons (Wang, Guo, & McLafferty, 2012).
However, both maps (Figures 3.5 and 3.6) clearly demonstrate that the most part of the BR MSA
has a serious HIV epidemic load. Rural parishes have smaller, still non-zero, rates for new cases
and prevalence, but less amount of available resources to oppose the spread of the disease.

Figure 3.6. New cases of HIV rate in parishes of Louisiana and counties of Mississippi
(data from AIDSVu, 2018a; borders U.S. Census Bureau, 2019; color scheme Brewer, 2019;
software ESRI, 2018).
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According to CDC estimates, in 2016 Louisiana had the highest in the country rate of
undiagnosed HIV cases – 18.2% of HIV-positive people are unaware of their status (CDC,
2019b). Access to care and sexually transmitted infections/HIV were called among the TOP-5
Health Community Needs for the East Baton Rouge Parish in 2018-2021 (BR General et al.,
2018). For this very reason, understanding the HIV test accessibility for the BR MSA population
is an immediate need to initiate efficient actions in the framework of Ending the HIV Epidemic
plan.
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CHAPTER 4. DATA COLLECTION
4.1. Data for accessibility analysis
Accessibility analysis involves measurements of demand, supply, and distance between
them. Therefore, various datasets are required.
4.1.1. Demand evaluation - population
To estimate a general population demand for health services, the best possible parameter
is a total population count. Total population estimates are available for each of the recent years at
the various scale levels (state, county/parish, census tract, census block group) through American
Community Survey (U.S. Census Bureau, 2018a).
For more precise measurements, specific subsets of the total population should be
collected. To examine HIV testing accessibility for the vulnerable population of the BR MSA,
two approaches are used in this thesis. First, the vulnerable population in need of free service are
those people, who do not have a health insurance. This data is available at the state,
county/parish, and census tract scale levels (U.S. Census Bureau, 2018l). Second, it is known,
that up to 18.2% of HIV-infected people are not aware about their positive status (CDC, 2019g).
The straightforward assumption is that more undiagnosed patients live in areas with higher HIV
prevalence. Therefore, areas with relatively high HIV prevalence need easily accessible HIV
testing facilities. However, the data for HIV prevalence rates is only available at the state and
county/parish levels. Estimation of HIV prevalence rates at the census tract level requires
additional analysis – data disaggregation from the county/parish level. For details, see Chapters
4.2 and 5.1).
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4.1.2. Supply evaluation – HIV testing providers’ locations
In this accessibility analysis, supply locations are HIV testing facilities. HIV testing could
be provided by a various range of facilities including but not limited to hospitals, specialty
clinics, urgent care clinics, pharmacies and walk-in laboratories, specialized HIV care
organizations, and even mobile laboratories opened during public events. For this study, a list of
HIV test providers includes mostly HIV care organizations, walk-in clinics and laboratories that
do not require a doctor’s referral to fulfill the test. Some of these clinics require appointments,
but most of them do not. From the online search it became evident that testing providers are
divided into two groups: free of charge and paid, however the price should be covered by any
insurance plan without copays and deductibles (for everybody age 15-65, or other ages with
increased risk) (HIV.gov, 2019a). Direct requests to the facilities claimed as free showed the
situation was more complicated, and many of the so-called “free” facilities turned out to be “lowcost”, rather than completely free of charge (see Chapter 4.3 for details).
Word combinations for the Internet search were “free HIV test”, “HIV test”, “STD test”,
“blood test”, and “walk-in clinics” plus “near me” or name of a city, for instance, “Baton Rouge”
or “Thibodaux”. The list of websites searched for addresses is in the References section.
The Internet search led to a list of 103 providers’ locations, 51 of them were free of
charge, according to information posted online. Hospitals, emergency rooms, urgent care clinics,
and specialty clinics are not included, because they do not provide laboratory tests separately
from general practitioner or specialist visit. Two student health centers (LSU and Southern
University), veterans’ health care services, as well as several high-school based clinics, are not
included, because they only serve a very specific population of students from those institutions
and veterans. Abovementioned clinics potentially have a significant impact on HIV test
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accessibility. However, their procedure for interaction with clients are different, and should be
examined separately.
The full list of HIV testing providers’ locations is in the Appendix A. It may not include
all HIV providers matching the searching criteria, because the Internet search does not ensure a
complete coverage. The assumption is that people, who want to find the nearest test provider
would perform an Internet search in the same way and, most likely, with less exertion.
4.1.3. Distance evaluation
Distance and travel time evaluation is a crucial element of any accessibility analysis. In
this project, to measure travel time, a road network model is used. The model is built on the
TIGER road data, retrieved from the USGS website (USGS, 2018). The files obtained from
USGS are cleaner and have less overlaps than the original TIGER line shapefiles. Existing
overlaps were cleaned manually. To calculate travel time, modelled speed limits were assigned.
4.1.4. Enumeration units
To provide a base map and facilitate GIS analysis, numerous shapefiles were collected
from the TIGER database (U.S. Census Bureau, 2019). The shapefiles downloaded are states,
counties/parishes, census tracts, and census block groups outlines, urbanized areas, and places.
4.2. Data for disaggregation analysis
HIV prevalence rates (number of PLWHA per 100,000 population) are only available on
the county/parish level; however, these units are too large to be used in the 2SFCA analysis of
accessibilities. These data can be collected from yearly HIV surveillance reports of each state’s
Health Department. Emory University created a full database at the county/census tract level for
all states and published it at the AIDSVu online portal (aidsvu.org) together with choropleth
maps of prevalence and new cases rate and other HIV related information. Data gathered from
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these two sources may be slightly different due to methods used for data aggregation, rounding,
and modelling of missing values. However, both sources are reliable.
The regression analysis requires explanatory variables. The choice of variables was
restricted by accessibility of data through publicly open sources. Several parameters that could
provide a valuable insight for HIV distribution, for example, rape crime rate, other sexually
transmittable diseases rates, and several other parameters were dismissed, because they are not
available at the census tract level, or both at the parishes and census tract levels. Most of the
variables in the analysis are Social Determinants of Health (SDH), as they were declared by
CDC, or parameters closely connected to SDH. Together with gender, race/ethnicity, age, and
place of living, these socio-economic parameters affect people’s vulnerability to many diseases
and determine inequity in HIV burden on different social groups (CDC, 2018c).
1) Poverty level – a proportion of the population, living on earnings below federal poverty
level;
2) Poverty level by race – a proportion taken separately for each of the prevalent races/ethnic
groups, (1) White, (2) Black, (3) Asian, (4) Hispanic/Latino of any race, (5) White nonHispanic; “N/A” values appeared in administrative units where a group was not represented;
“N/A” values were replaced with zeros to avoid loss of a whole observation;
3) Level of education – a proportion of population 25 years and older (1) with high school
diploma and (2) with bachelor’s degree;
4) Median household income;
5) Unemployment rate – a proportion of population 16 years and older in the workforce,
registered as unemployed in a reported year;
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6) Uninsured rate – a proportion of population 18 years and older without any type of health
insurance;
7) Housing stability – a proportion of (1) vacant housing units and (2) housing units occupied
by its owner.
Other (not SDH) variables reflect factors presumed being influential on HIV prevalence:
8) Total population – it was noticed earlier that HIV rates are higher in larger cities than in
smaller cities as well as in rural areas;
9) Gini index – reflects severity of income inequality, which is known to aggravate social
tension, and therefore increase vulnerability to many diseases;
10) Percent of unmarried women that gave birth in a reported year – may work as a proxy for
unprotected sex rates, that cannot be measured directly;
11) Median age – indicate proportion of middle age population, which tends to have higher rates
of new HIV cases than children and population 65 and older;
12) Percent of prevalent races/ethnic groups representatives (1) White, (2) Black, (3)
Hispanic/Latino of any race, (4) Asian – the burden of HIV is not equal for races/ethnic
groups, and the distribution is different depending on geographic region.
The data for explanatory variables (predictors) were gathered from American Community
Survey 5-year-estimates, 2017 (U.S. Census Bureau, 2018a, 2018c, 2018d, 2018e, 2018f, 2018g,
2018h, 2018i, 2018j, 2018k, 2018l). The data for the response variable, HIV rate, is from the
AIDSVu 2016 annual report (AIDSVu, 2018b).
4.3. HIV testing locations list refinement with fieldwork
To check the information gathered from the Internet sources, a 5-day-long fieldwork was
performed (Figure 4.1). The fieldwork was funded by a R. C. West and R. J. Russell Graduate
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Student Field Research Award from the Department of Geography and Anthropology at LSU.
The fieldwork included personal visits to 22 testing locations claimed as free in 12 cities, and the
driving route length was 667 miles (Table 4.1). Geographical coordinates of locations were
assigned by addresses, using Google Maps search (maps.google.com), and then corrected after a
visit. To explore, if a facility provides free testing, the questions to a clinic receptionist were,
“Can I be tested for HIV here if I do not have a health insurance? Is it free of charge?”

Figure 4.1. Fieldwork driving routes; day 1 route is not visible, because it is completely
in Baton Rouge city (borders U.S. Census Bureau, 2019, software ESRI, 2018).
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During personal visits of HIV test providers many inconsistencies from previously
gathered information were found. The most important, all parish Health Units in Louisiana
(Figure 4.2a, as an example) and county Health Departments in Mississippi turned out to be
“low-cost” instead of “free”, which significantly reduced the number of free facilities to less than
50 percent of the original 52 to 22 testing locations. The facilities require to provide an ID and
either insurance or proof of income to be eligible for testing. The test would be administered
most likely at a low-cost, or possibly free, if a person has a very low income. However, the cost
is not known until several days (or weeks) after the test has been completed. Another major
change that happened is that the whole chain of Teche Action Clinics provided only paid tests
(covered by insurance), which decreased the number of free test providers in the study area to 14.
Table 4.1. Cities and facilities visited during the fieldwork
Day
Day 1

Miles
41

Day 2

112

Day 3

233

Day 4

183

Thibodaux
Lafayette

98

New Iberia
Plaquemine
Hammond

Day 5

Cities
Baton Rouge

Clinton
New Roads
Port Allen
Laplace
Reserve
Vacherie

Free HIV Test Providers
EMLA Emerging Care of Louisiana
Family Service of Greater Baton Rouge
Dr. Leo Butler Community Center (Metro Health)
CareSouth
Planned Parenthood Gulf Coast Incorporated
HIV/AIDS Alliance for Region Two Incorporated
Baton Rouge AIDS Society
Open Health Clinic
AIDS Healthcare Foundation
East Feliciana Parish Health Unit
Pointe Coupee Parish Health Unit
West Baton Rouge Parish Health Unit
Right Choice Project
St. John Parish Health Unit
Teche Action Clinic Reserve Health Center
St. James Parish Health Unit
Lafourche Parish Health Unit - Thibodaux
Lafayette Parish Health Unit
Acadiana Cares
Iberia Parish Health Unit
Iberville Parish Health Unit
North Oaks Infectious Disease
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Among other changes, several facilities were found closed or inaccessible. For example,
AIDS Healthcare Foundation at the center of Baton Rouge is actually a van – a mobile laboratory
to provide HIV testing during public events and closed at other times (Figure 4.2b). Open Health
Clinic located nearby do provide free HIV testing but only for two hours once a week. The Right
Choice Project building in Laplace is a property of the Choice organization but dedicated to a
different service, namely it provides space for special events and meetings. The Right Choice
Project coordinates anti-HIV actions and do free HIV tests, however they do not have a testing
facility in Laplace (Figure 4.3a). The North Oaks Infectious Disease (Figure 4.3b) is a section of
a huge hospital complex. Even if they provide free tests, the hospital’s staff cannot help the
patient, and send him/her to the nearby clinic that do not provide STD tests. Several clinics had
wrong addresses in online databases (see References for a full list) and were not easy to find (the
worst cases were Planned Parenthood Gulf Coast Incorporated and EMLA Emerging Care of
Louisiana). Other have the correct address but no sings or navigational marks on the building,
which is very confusing for a patient (for example, Family Service of Greater Baton Rouge
HIV/AIDS (Figure 4.4a) and Alliance for Region Two Incorporated (Figure 4.4b)
a

b

Figure 4.2. Photographs of HIV testing facilities: (a) The Iberia Parish Health Unit in
New Iberia and (b) the AIDS Healthcare Foundation mobile laboratory in Baton Rouge.
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a

b

Figure 4.3. Photographs of HIV testing facilities: (a) The Right Choice Project in Laplace
and (b) The North Oaks Hospital in Hammond.
a

b

Figure 4.4. Photographs of active free HIV testing facilities without identifying marks
photographs: (a) Family Service of Great Baton Rouge and (b) Alliance for Region Two
Incorporated, Baton Rouge.
The fieldwork showed that there are much fewer active and accessible places providing
free HIV tests that one may think based on an Internet search. Ten of them concentrate in the city
center of Baton Rouge, and one is in Lafayette. This indicates that people in rural areas of the BR
MSA may find it difficult to get a free HIV test, and accessibility should be measured separately
for free and charged HIV testing options.
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CHAPTER 5. METHODS
5.1. HIV prevalence rate data disaggregation
As was stated earlier, HIV prevalence data at the census tract level is missing. In order to
use this data in the 2SFCA accessibility analysis, it was modelled using linear regression as a
disaggregation technique. Disaggregation is a group of methods allowing to predict data at larger
scale using previously aggregated data for upper level enumeration unit. There are two possible
ways to avoid disaggregation. First, to use the original data (survey results, address points), if it
is available. In this case, address data is stored in Health Departments of U. S. States’ databases
and only accessible under very strict regulations, because the privacy of patients is important.
Second, to use the same HIV prevalence values for all lower level enumeration units. For
example, if a parish prevalence rate is 10 per 100,000, it is straightforward to assume that each
census tract within that parish has the same rate of 10 per 100,000. Aggregation always leads to
data loss; disaggregation tries to restore the lost data, at least partly.
In this project, a simple linear regression is used to disaggregate data. The assumption
here is that the HIV prevalence rate as a response variable has the same predictors both at the
county/parish level and at the census tract level. Therefore, if the best fit model is found for
county/parishes, where the values of the response variable are known, the same model can be
used to predict the response at the census tract level, if the data for predictors are available.
The disaggregation analysis was performed using the R language and the R Studio
software (R, 2019), including several packages:
•

fitdistrplus (Delignette-Muller & Dutang, 2015) to find the best fitting distribution;

•

plotmo (Milborrow, 2019) to plot multiple regression;

•

spdep (Bivand & Wong, 2018) for the hot spot analysis;
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•

spgwr (Bivand & Yu, 2017) for geographically weighted regression;

•

classInt (Bivand, 2019), RColorBrewer (Neuwirth, 2014), rgdal (Bivand, Keitt, &
Rowlingson, 2019), maps (Brownrigg, 2018), and maptools (Bivand & Lewin-Koh,
2019) to map the results.
To justify the use of linear regression for spatial data, the hot spot analysis was performed

to find, if there was a pattern. The Getis-Ord local Gi score was calculated for each of the
Louisiana parishes. This score assesses the difference between the value of the HIV rate in a
parish and all its neighbors. The analysis reveals a pattern that is not significantly clustered
(Figure 5.1). The HIV rate changes gradually from parish to parish with several hot spots in and
around the East Baton Rouge Parish and north and south of Orleans Parish. This result is
supported by the Moran’s I statistic, a global clustering score. The value of Moran’s I for
Louisiana parishes’ HIV rates is 0.091, which is a spatial pattern very close to a random
distribution. Also, the Moran’s I statistical test returns a p-value of 0.077, making the Moran’s I
score value insignificantly different from zero at the 0.05 significance level. This result justifies
the usage of the global linear regression instead of a geographically weighted regression. The
assumption of observations independency is confirmed.
The best fit model to describe Louisiana parishes HIV prevalence rates explains 60.2%
(R2) of the response variation (the output is on Figure 5.2d). This model was carefully selected
among many possible combinations using the stepwise method, meaning that at each step the
least significant variable was removed. Other combinations of independent variables showed
either smaller R2 or non-normally distributed residuals, or both. Many other models were tested,
including a model for a much broader region (a total of twelve southern states at the county
level), a model for MSA areas, a model for counties with populations smaller or larger than the
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chosen threshold, geographically weighted regression models on different geographies, and in
addition a regression model based on principal components. The above mentioned multiple
linear regression model provided the best fit.

Figure 5.1. Getis-Ord local Gi for HIV prevalence rate by Louisiana parishes (data from
AIDSVu, 2018b, color scheme Brewer, 2019, borders U.S. Census Bureau, 2019, software R,
2019).
The equation formula for the best fit multiple regression model is:
Y = 833.7 + 0.001237 X1 - 43.63 X2 + 4.554 X3 + 40.87 X4 – 12.02 X5 + 21.35 X6 + e,
where Y is the HIV prevalence rate, X1 is the total population count, X2 is the overall poverty
rate, X3 is the Hispanic/Latino poverty rate, X4 is the White non-Hispanic poverty rate, X5 is the
proportion of adults with high school diploma, X6 is the percentage of African American in the
total population, and e is the error measured in terms of regression residuals. The model has
normally distributed residuals (Figure 5.2c), according to Shapiro-Wilk normality test results
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(the p-value of the test is 0.08, which is higher than the 0.05 significance level; this results in
failing to reject the null hypothesis of normally distributed data). A choropleth map (Figure 5.2a)
shows how the model residuals are randomly distributed from a geographic point of view. Also,
a map of prevalence rates, next to the residuals map (Figure 5.2b), demonstrates how the model
underestimates parishes with high prevalence and overestimate parishes with low prevalence.
a

c

b

d

Figure 5.2. Distributions of multiple regression model’s residuals, (a) in the form of a
choropleth map of residuals, (b) a choropleth map of actual prevalence rates for comparison
purposes, (c) a histogram, and (d) a screenshot of the model output (color scheme Brewer, 2019,
borders U.S. Census Bureau, 2019, software R, 2019).
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The abovementioned model showed the best possible result considering the choice of
data. On the Figure 5.3 a scatterplot matrix show correlation in each pair of variables and trend
lines. There is no clear correlation of the response variable with any of the explanatory variables,
many pairs show double trends or heteroscedasticity. The data are very noisy and scattered, each
of the variables contain a lot of outliers, which cannot be removed without losing a significant
portion of data. One of the explanatory variables (proportion of high school graduates) has a
suggestive level of significance (p-value = 0.052). Several explanatory variables have
considerable level of correlation (among all pairs selected for the model only one pair exceeds
the 0.6 threshold, namely poverty and White non-Hispanic poverty, which have a correlation
coefficient of 0.69), however the attempt to use principal component analysis did not lead to any
improvement in the model.

Figure 5.3. A scatterplot matrix for model variables (both response and explanatory),
showing trends (Software R, 2019).
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Based on the parish level model, the values of HIV prevalence rate at the census tract
level were predicted and mapped (Figure 5.4). This prediction has a wide range of 95%
confidence interval for every value (+/- 400). The predicted values’ range [-594.1; 4268.4] is
wider than the initial data range [59; 1432], because parish rates data should be interpreted as
aggregated from census tract rates data. The census tract level has smaller units and, therefore,
more variability.

Figure 5.4. HIV prevalence rate prediction at the census tract level for the Baton Rouge
MSA and surrounding parishes/counties (color scheme Brewer, 2019, borders U.S. Census
Bureau, 2019, software R, 2019).
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However, predicted census tract rate values aggregated to the parish level do not
correspond with the initial data. For this reason, the predicted values were adjusted to already
known parish rates. The values below zero were brought to zero. Other rates were translated to
total number of PLWHA in census tracts and predicted parish HIV rates were calculated based
on these values. The ratio of real parish rates to calculated parish rates was used to adjust census
tract rates. These new, adjusted, values, if aggregated, are equal to the real parish HIV
prevalence rates. The new data range is [0; 6798.7]. The choropleth map (Figure 5.5) shows the
finally adjusted values.
5.2 Road network modelling
Road network modelling was chosen among other available methods to calculate distance
and travel time between demand and supply locations. The data provided by USGS (2018) had
much fewer overlapping segments (373 throughout the study area, most of them were at the
Louisiana – Mississippi border) than the original TIGER data set (more than 13,000). Also, the
USGS data are supplemented with HERE road data (USGS, 2018), which has a very high-quality
road network database. The territory of the study area was clipped from the dataset of Louisiana
and Mississippi roads with the Clip tool (Analysis Tools). Then, the Intersect tool (Analysis
Tools) identified overlapping segments. After cleaning the overlapping segments, the feature
class was projected to UTM (NAD 83 UTM 15 N), using Project tool (Data Management Tools).
To apply different speed limits, roads were intersected with borders of urbanized areas (Figure
5.6). The table below (Table 5.1) shows how modelled speed limits were assign depending on
road type and area urbanization status, using the method suggested by Luo & Wang (2003) in
their study of health care accessibility in the Chicago region. The difference is that Luo & Wang
(2003) used population density to determine urban, suburban, and rural areas, while in this study,
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U.S. Census Bureau outlines of urbanized areas are used to distinguish urbanized areas from
non-urbanized areas. Also, several road types and speed limits are different because of local
specificity.

Figure 5.5. Finally adjusted prediction of HIV prevalence rates at the census tract level
for the Baton Rouge MSA and surrounding parishes/counties (color scheme Brewer, 2019,
borders U.S. Census Bureau, 2019, software R, 2019).
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Table 5.1. Speed limits used in the road network model (MTFCC – road type code in the
original data from USGS).
MTFCC

Model Speed Limit (mph)
Urbanized
Other

Road Type

S1100

Primary road

65

70

S1200

Secondary road

45

55

S1400

Local neighborhood road, rural road, city street

30

40

S1500

Vehicular trail (4WD)

20

20

S1630

Ramp

30

40

S1640

Service drive usually along a limited access highway

40

40

S1740

Private road for service vehicles

10

10

L4165

Ferry crossing

-

5

The final road network layer consists of 183,330 segments, 55% of which are in
urbanized areas.
Based on the created road network, an origin-to-destination (O-D) matrix was calculated,
using ArcGIS Network Analyst Extension. The O-D matrix contains travel time estimations
between all demand locations (census tracts centroids) and all supply locations (testing
facilities). Having 377 census tracts with non-zero population and 100 active testing facilities,
the O-D matrix contains 37,700 travel time estimations. The O-D matrix for census block group
centroids has 121,500 travel time estimations (instead of 122,200) due to connectivity problems
near the study area borders.
The O-D travel time matrix does not asses traffic delays. However, this simplified
version will work well. Because an HIV test is not an urgent care procedure, people can plan the
trip well in advance to avoid traffic congestions and, therefore, do not take traffic volume into
account when making a decision. Therefore, traffic data can be neglected.
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Figure 5.6. The road network and urbanized areas of the study area (data from USGS,
2018; U.S. Census Bureau, 2019).
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To check the quality of travel time calculations made with the model, a comparison with
Google Maps estimations was performed. Google has an excellent database containing road
types, speed limits, and barriers, and an extensive experience in travel time modelling. Therefore,
travel time calculated by Google Maps should be considered as reliable. For a random sample of
100 demand-supply pairs from the O-D matrix, travel times were measured by the Google
navigation tool, accessible online (maps.google.com). Google measurements were estimated
travel times at weekend nights at 3 am to avoid possible traffic congestion. The complete table
with comparison results is in the Appendix B. The mean travel time for the whole O-D matrix
was 72.9 minutes, for the sample – 70.9 minutes. The standard deviation of the sample
differences with Google is 6.7 minutes, meaning that at least 75% of differences are within 13.4
minutes (according to Chebyshev’s rule, taken that the distribution is not normal). Figure 5.7.
shows a histogram of the differences. The largest errors occurred near borders of the study area,
where the road network model is cut at the borders. These errors should not influence the quality
of further measurements, because they mostly affect the buffer area. Hence, the quality of the
travel time model is appropriate for the goals of this study.

Figure 5.7. A histogram of measurement differences between travel time estimations
made with Google Maps and the road network model for a random sample of 100 routes.
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Mao & Nekorchuk (2013) used the 2001 National Household Travel Survey to find an
average length of a drive to a health care service, which was equal to 22.8 minutes in Florida. In
the 2017 version of this survey (FHA, 2018), an average length of a trip to a “health care visit
(medical, dental, therapy)” in Louisiana is 37.84 minutes, however the sample size is quite small
(28 households). For the whole country, the same parameter is 27.22 minutes. Given this, it
seems reasonable to compare accessibility scores for 30-minute travel time threshold, which is
the mean travel time to health services in the U.S., with 40-minute travel time threshold, which is
the mean for Louisiana.
5.3. Accessibility scores computation with 2SFCA method
The Two-step floating catchment area (2SFCA) method, developed by Luo and Wang
(2003), involves several data modification procedures. First, it requires a point layer of demand
locations. To guarantee higher estimation quality, each point should represent just a small
population, located inside a census tract or a census block group. A census block group is the
smallest enumeration unit for which U.S. Census Bureau provides population estimates. A
geometric center is a point representing a whole polygon. The Feature to Point tool (Data
Management Tools – Features) with marked checkbox “Inside” creates a point layer with
geometric centers placed inside polygons. Also, census block groups contain information about
the population distribution within census tracts. Therefore, census tract population weighted
centroids are a possible advantage over simply using geometric centers. The Mean Center tool
(Spatial Statistics Tools – Measuring Geographic Distribution) calculates positions for
population weighted centroids of census tract polygons using the formula (1), where Xc and Yc
are the coordinates of the population weighted centroid of a census tract; xi and yi are the
coordinates of the census block group centroids within that census tract; pi is the population at

44

the census block group within that census tract; and nc is the total number of census block groups
within that census tract (Wang, 2006). Both census tract and block group layers created for the
study area (Figure 5.8) contain population attribute fields with total population, number of
uninsured, and PLWHA estimation.

(1)

The Mean Center procedure removed 6 census tracts from the study area, because they
had zero population. These census tracts are the Baton Rouge Metropolitan airport area, the
Lafayette Regional airport area, the Iberia parish’s, Lafourche parish’s, Terrebonne parish’s and
St. Mary parish’s territorial waters. This will not affect the further analysis, because computation
of accessibility scores only makes sense for populated areas.
Second, a point layer of supply locations should be prepared (already shown on Figure
4.1). For each supply facility, the 2SFCA method requires information about the size of the
facility (for example, a number of physicians in a clinic or a number of beds in a hospital). In this
study, the capacity for each HIV testing facility is “1”, because it is unknown how many patients
can be served simultaneously in each of the facilities.
Then, the main two-step procedure requires to compute the supply-to-demand ratio Ri
within the catchment area (2). The capacity of each supply location Sj is divided by the sum of
the population Dk in all demand locations k (census tract or census bloc group centroids) within a
chosen threshold travel distance d0 from each supply location j (dkj is the distance between k and
j) (Wang, 2006). This step applies the catchment area to all supply locations.

(2)
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Figure 5.8. Point layers for demand allocation (borders U.S. Census Bureau, 2019,
software ESRI, 2018).
To perform this procedure in GIS, two corresponding O-D travel matrices are generated
with the Network Analysis toolbox. With the help of the Join and Relate command the
population count (also uninsured and PLWHA) data were attached to O-D travel matrices from
the census tract and the block groups centroids layers. From each of the matrices, all records with
travel times less than a chosen threshold are exported to a new table. Using the Summation tool
on the extracted records, the population rate for each supply location is calculated. Results are
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compiled for 100 active HIV testing facilities in four tables, one for census tracts, one for census
block groups, and one each for 30- and 40-minute travel distances. Rates were adjusted based on
differences in population counts: for the total population, scores are the number of testing
facilities per 100,000 population, for uninsured per 10,000 population, and for PLWHA per
1,000 population.
Finally, the inverse procedure is performed, applying the catchment area to all demand
locations. In order to do so, supply-to-demand ratios Rj are summed up for all supply locations j
in the threshold distance d0 from each demand location i (3). AjF is an accessibility score for a
demand location i. A higher AjF corresponds to a higher accessibility for the population of a
specific census tract or census block group. Figure 5.9. shows an example illustrating the 2SFCA
method, derived from Wang (2006), as is explained in the book Quantitative Methods and
Applications in GIS.

(3)

To perform the procedure in a GIS, the table with the rates computed for each testing
facility, should be joined back to the records extracted from the O-D travel time matrices. Then,
using the summation tool, these rates are summarized for each of the administrative units.
To ensure correct calculations, all layers were converted to the UTM projection (NAD 83
UTM 15 N). These layers include all census tracts and census block groups polygons, all census
tract and census block groups centroids, the testing facilities point layer, and the road network
line layer.
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Figure 5.9. Two-step floating catchment area (2SFCA) method in travel time (Wang,
2006).
In this project, accessibility is calculated for the general population to all kinds of HIV
testing facilities at the census block group and at the census tract level. In addition, the
accessibility for the uninsured and vulnerable population is calculated to the low-cost and free
testing facilities at the census tract level only (this is due to data availability reasons, described in
Chapter 4). The estimated HIV prevalence rate, which is a result of the disaggregation analysis,
is used as a proxy for the vulnerable population. The scheme of accessibility scores and the map
construction for data subsets is shown in Figure 5.10, which summarizes the 20 different
scenarios conducted in this research.
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Figure 5.10. Analysis scheme; for 30- and 40- minute threshold there are six possible
scenarios at the block group level (all for the total population and for each of the testing types);
also for 30- and 40- minute threshold there are 14 scenarios at the census tract level (six of them
for the total population and for each of the testing types, four for the uninsured population and
for free testing facilities and free and low-cost testing facilities, and the same four scenarios for
the PLWHA subset).
5.4. Hot spot analysis
Accessibility scores may not be easy to interpret, especially if there are plenty of small
enumeration units and a pattern of high and low scores looks random. The hot spot analysis helps
to identify clusters of high or low accessibility and distinguishes such clusters from the rest of
the territory with an average distribution.
The main tools of the hot spot analysis were already used in the disaggregation analysis,
but this time ArcGIS tools are employed to calculate both global and local indices of spatial
autocorrelation. The Spatial Autocorrelation Tool (Moran’s I) can be accessed through the
Analyzing Pattern group, and the Hot Spot Analysis (Getis-Ord Gi*) tool is within the Mapping
Clusters group of the Spatial Statistics toolbox. These two methods are applied to polygon layers
of accessibility scores and facilitate estimations of access inequality across the study area.
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CHAPTER 6. RESULTS
6.1. Overview
Accessibility scores were calculated using the 2SFCA method, described above. As the
result of the computation, each enumeration unit receives an accessibility score value: the higher
the score, the more accessible testing facilities are for residents of the enumeration unit. Higher
accessibility corresponds to a larger number of less crowded facilities and lower accessibility
corresponds to a smaller number of more crowded facilities within a threshold distance or
driving time. Therefore, low values of the accessibility score indicate shortage (or even absence)
of service providers for the population in the area. Accessibility score choropleth maps help in
the analysis of supply locations distribution patterns, in searching for areas with low access to
service and, thereby, the ways to improve the situation. Basic statistical analysis was performed
to facilitate the interpretation of the accessibility scores calculated in the previous step.
A correlation between accessibility score and population count or population density was
expected, because most of the supply facilities are in central cities of parishes. This is a logical
outcome from Walter Christaller’s Central Place Theory: in a system of settlements, larger places
have more functions and provide more services than smaller places (Christaller & Baskin, 1966).
For example, all free HIV testing facilities reside in Baton Rouge and Lafayette. Interestingly,
accessibility scores do not correlate with population count or population density in the study area
(Figures 6.1 and 6.2), since correlation tests result in statistically insignificant outcomes. Partly,
it is a result of the actual distribution of the accessibility; there are not enough supply locations in
large cities to satisfy the demand of their population. It is also a result of the accessibility score
nature. Supply locations concentrated in areas with higher population are the most crowded,

50

decreasing their accessibility scores. Figure 6.2. shows the binomial structure of free HIV test
accessibility scores: it is either comparatively high, or very low.

Figure 6.1. Association between (a) accessibility scores and population, and (b) between
accessibility scores and population density at the census tract level, for total population, all
testing facilities in 30 minutes threshold driving time (software R, 2019).

Figure 6.2. Association between (a) accessibility scores and population, and (b) between
accessibility scores and population density at the census tract level, for total population, free
testing facilities in 30 minutes threshold driving time (software R, 2019).
Accessibility scores for all testing facilities and low-cost testing facilities (total
population) distributions (Figure 6.3, a and b) look similar and almost show a normal
distribution, however, none of them pass the Shapiro-Wilk’s normality test. A distribution of the
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accessibility scores for free testing facilities (Figure 6.3. c) looks more like a binomial
distribution with “zero” or “one” possible outcomes. The range of the first two distributions is
almost equal, roughly from 0 to 10, however, the accessibility score for all testing locations
contains several outliers (the outliers increase the range up to 20). Accessibility score for free
testing facilities has a much smaller range, roughly from 0 to 1.7.

Figure 6.3. Accessibility scores distribution at the census tract level, for total population,
30-minute threshold driving time, (a) for all testing facilities, (b) for low-cost and free testing
facilities, and (c) for free testing facilities (software R, 2019).
Table 6.1 provides more insight about ranges, means, and standard deviations of different
accessibility scores distributions. The scores for different population subsets have different
inflation factors. The scores for the total population are computed per 100,000 people, the scores
for uninsured populations – per 10,000 people, and the scores for PLWHA – per 1000 people,
considering the difference in subset sizes. The inflation of accessibility scores made them easier
to compare, their ranges acquired the same scale. It is clear now, that accessibility scores for free
testing facilities are about 10 times lower than for low-cost and other facilities for all subsets.
Basic statistics also allows to compare scores at the census tract and block group levels. A lager
number of smaller units may be the reason for higher variability however, ranges at the block
group level are narrower. The means and the standard deviations are almost the same. This
conclusion possibly claims the homogeneity of accessibility inside each of the census tracts and,
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therefore, makes it reasonable to limit the analysis at the census tract level, without going to a
larger scale.
Table 6.1. Ranges, means and standard deviations for accessibility score distribution.
Range
Census tracts, 30 minutes
Total population
Uninsured
PLWHA
Census tracts, 40 minutes
Total population
Uninsured
PLWHA
Block groups, 30 minutes
Total population
Block groups, 40 minutes
Total population
Mean (and SD)
Census tracts, 30 minutes
Total population
Uninsured
PLWHA
Census tracts, 40 minutes
Total population
Uninsured
PLWHA
Block groups, 30 minutes
Total population
Block groups, 40 minutes
Total population

All tests

Low-cost + Free tests

Free tests

0.44 – 20.17
0.31 – 12.89
0.83 – 58.71

0.42 – 10.10
0.31 – 6.39
0.83 – 35.71

0.14 – 1.46
0.14 – 1.39
0.19 – 1.90

0.27 – 11.40
0.21 – 9.18
0.45 – 38.60

0.27 – 6.78
0.21 – 5.52
0.22 – 14.24

0.12 – 1.50
0.11 – 1.38
0.17 – 2.41

0.38 – 16.08

0.38 – 9.61

0.14 – 1.44

0.27 – 11.21

0.27 – 6.77

0.12 – 1.51

All tests

Low-cost + Free tests

Free tests

5.28 (2.31)
4.33 (1.81)
13.82 (9.85)

2.55 (1.52)
2.09 (1.16)
6.14 (5.78)

0.99 (0.58)
0.93 (0.57)
1.43 (0.58)

5.19 (1.76)
4.29 (1.55)
13.4 (8.18)

2.48 (1.23)
2.05 (1.04)
5.52 (2.55)

0.86 (0.5)
0.8 (0.48)
1.29 (0.52)

5.33 (2.21)

2.61 (1.53)

1.00 (0.56)

5.25 (1.73)

2.55 (1.23)

0.87 (0.5)

The scatterplot matrix (Figure 6.4) shows associations between scores for different
population subsets for each type of testing in the study area at the census tract level.
Interestingly, the scores for the uninsured population are highly correlated with the scores for the
general population. This is the result of roughly an equal percentage of the uninsured population
(ranges from 1% to 30%, however, 90% census tracts have a range from 1% to 20%), while the
HIV prevalence rate is not homogeneous. The association implies that maps for the total
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population and the uninsured population look similar, in contrast with maps for PLWHA that are
supposed to be very different for all testing facilities and for low-cost testing facilities, but
similar for free testing facilities, as well.

Figure 6.4. Association between accessibility scores of all test types between total
population scores and uninsured population / PLWHA scores, at the census tract level, 30
minutes threshold driving time (software R, 2019).
Accessibility scores for low-cost and free testing facilities (taken together) have similar
ranges, means, standard deviations, and distribution shapes as scores for all testing facilities.
Also, they are highly correlated with each other for all population groups. Therefore, statistical
analysis suggests low-cost testing facilities compensate shortage of free testing options for
population outside of Baton Rouge. The main reason is that they are equally distributed through
central places of each parish/county, while free testing facilities cluster in the center of Baton
Rouge. Accessibility scores for free testing facilities are roughly 10 times lower and contain
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significantly fewer records (number of records reflects number of enumeration units in the
threshold driving time).
In the following three parts of this chapter, the most important maps for the accessibility
analysis are described and interpreted. More maps are in the Appendix C.
To facilitate maps comparison, the maps of all testing facilities accessibility and low-cost
and free testing facilities accessibility, the same color scheme is used. For the maps of free
testing facilities, a different color scheme is used, because the range of scores is much smaller
here. The equal intervals method was chosen to define color classes, because it suits best for a
gradually growing parameter. Natural breaks (or Jenks optimal method) does not work well,
because the breaks do not demonstrate any “natural” clusterization this method is expected to
reveal. Standard deviation could be a good choice to show scores variation, however, this implies
a comparison with a mean value, when values on the one side of the mean are “worse” and
values on the other side of the mean are “better”. In this case, it is unknow how “good” the mean
value is.
6.2. Accessibility for general population
The maps in Figures 6.5 and 6.6 show accessibility scores for the total population to all
testing facilities, 30- and 40-minutes driving time thresholds, correspondingly. The maps show
that all the territory of the BR MSA has access to HIV testing, free or charged. Only one census
tract it the north of the West Feliciana parish has no access in 30 minutes but has access if
switching to 40 minutes driving time. The area with higher accessibility scores (outliers of the
distribution) is also in West Feliciana, this may be a result of the road network configuration in
the area. The territory of the BR MSA has accessibility scores from 3.0 to 9.0, with lower scores
in the west.
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Figure 6.5. Accessibility scores for census tracts in the study area; total population, all
testing facilities, 30 minutes (color scheme Brewer, 2019, borders U.S. Census Bureau, 2019,
software ESRI, 2018).
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Figure 6.6. Accessibility scores for census tracts in the study area; total population, all
testing facilities, 40 minutes (color scheme Brewer, 2019, borders U.S. Census Bureau, 2019,
software ESRI, 2018).
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A larger threshold allows more people to reach a supply facility, increasing the
accessibility score, and, at the same time, makes the supply facility more crowded, decreasing
the score. This effect results in a smoother pattern at the map for the 40-minute threshold.
However, the pattern is motley on both maps. In this case, a hot spot analysis is helpful (Figure
6.7). The hot spot analysis shows the location of census tracts with similar accessibility groups.
With a 30-minutes driving time threshold there are two large hot spots in the north and in the
south, and a cold spot to the west from the BR MSA. The BR MSA itself does not show any
clear cluster, the neighboring census tracts have very different scores. With a 40-minutes driving
time the situation changes, a new cluster of higher availability appears in Baton Rouge and also
to the north and to the south of Baton Rouge.

Figure 6.7. The hot spot analysis for accessibility scores at the census tract level; total
population, all testing facilities (borders U.S. Census Bureau, 2019, software ESRI, 2018).
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Accessibility scores for the total population to low-cost and free testing facilities are
more equally distributed throughout the study area (Figures 6.8 and 6.9). West Feliciana still
possesses the census tract with an extremely high score. The BR MSA is split into two parts,
with a higher access in the north and east, and a lower in the west and south. Accessibility scores
are generally lower than for all testing facilities, because free and low-cost facilities are about
50% of the full list of testing facilities.
The hot spot analysis (Figure 6.10) shows a very clear pattern: north-east is a hot spot,
while south-west is a cold spot. Within a 40-minute driving time threshold this hot spot is much
larger and covers a huge part of the BR MSA.
The maps for free HIV testing facilities show a strikingly different picture (Figures 6.11
and 6.12). The most part of the study area has no access to free HIV testing within 30-or even
40-minutes of driving time. However, with a 40-minutes threshold more census tracts have
access than with 30-minutes. The northern most and the southern most parts of the BR MSA
have no access. In areas that fall within the threshold, the accessibility score is very high in the
Baton Rouge area, where 10 out of 11 facilities are located, and very low in the Lafayette area,
where the last facility is located. However, this “high” accessibility score is only high compared
to the other areas on the same map. The highest accessibility score for free testing facilities is 1020 times lower than the higher score for low cost and free testing facilities combined.
The hot spot analysis (Figure 6.13) reveals one cluster of high accessibility in and around
Baton Rouge, whereas the surrounding area is a large cold spot of no access. Even some parts of
the BR MSA, especially its newest part (the farthest from Baton Rouge city center), namely
Assumption Parish, are in the area with no access. This is an obvious result of the clustering of
10 out of 11 free HIV testing providers in one city.
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Figure 6.8. Accessibility scores for census tracts in the study area; total population, lowcost and free testing facilities, 30 minutes (color scheme Brewer, 2019, borders U.S. Census
Bureau, 2019, software ESRI, 2018).
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Figure 6.9. Accessibility scores for census tracts in the study area; total population, lowcost and free testing facilities, 40 minutes (color scheme Brewer, 2019, borders U.S. Census
Bureau, 2019, software ESRI, 2018).
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Figure 6.10. The hot spot analysis for accessibility scores at the census tract level; total
population, low-cost and free testing facilities (borders U.S. Census Bureau, 2019, software
ESRI, 2018).
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Figure 6.11. Accessibility scores for census tracts in the study area; total population, free
testing facilities, 30 minutes (color scheme Brewer, 2019, borders U.S. Census Bureau, 2019,
software ESRI, 2018).
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Figure 6.12. Accessibility scores for census tracts in the study area; total population, free
testing facilities, 40 minutes (color scheme Brewer, 2019, borders U.S. Census Bureau, 2019,
software ESRI, 2018).
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Figure 6.13. The hot spot analysis for accessibility scores at the census tract level; total
population, free testing facilities (borders U.S. Census Bureau, 2019, software ESRI, 2018).
6.3. Accessibility for the uninsured population
For the uninsured population, it is interesting to look at accessibility scores for low-cost
and free HIV testing providers, because uninsured patients pay a full charge for a test in other
clinics. They are most interested in getting free medical service. However, the situation with
access is very similar with what was described for the general population. For free and low-cost
facilities, accessibility scores are higher in the northeast and lower in the southwest of the BR
MSA (Figures 6.14 and 6.15).
Free HIV testing providers are beyond the access zone for people who live near the
borders of the BR MSA (Figures 6.16 and 6.17). The maps for the hot spot analysis are similar to
those for the general population and can be found in the Appendix C.
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Figure 6.14. Accessibility scores for census tracts in the study area; uninsured population,
low-cost and free testing facilities, 30 minutes (color scheme Brewer, 2019, borders U.S. Census
Bureau, 2019, software ESRI, 2018).
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Figure 6.15. Accessibility scores for census tracts in the study area; uninsured population,
low-cost and free testing facilities, 40 minutes (color scheme Brewer, 2019, borders U.S. Census
Bureau, 2019, software ESRI, 2018).
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Figure 6.16. Accessibility scores for census tracts in the study area; uninsured population,
free testing facilities, 30 minutes (color scheme Brewer, 2019, borders U.S. Census Bureau,
2019, software ESRI, 2018).
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Figure 6.17. Accessibility scores for census tracts in the study area; uninsured population,
free testing facilities, 40 minutes (color scheme Brewer, 2019, borders U.S. Census Bureau,
2019, software ESRI, 2018).

69

6.4. Accessibility for the vulnerable population, considered being at a higher risk
The PLWHA count was predicted using a disaggregation technique using the data at the
parish level. PLWHA represent a proxy for the vulnerable population. In areas with higher HIV
prevalence of known cases, it is expected a higher rate of new cases discovered yearly. Here, as
well as for the uninsured population, low-cost and free testing facilities are of the main interest.
The results of the accessibility analysis for the vulnerable population should be
interpreted with caution, because there were many assumptions when getting these data.
However, accessibility scores for the PLWHA generally repeats patterns from scores of the total
population (Figures 6.18 and 6.19). More outliers and hardly interpretable scores are most likely
due to the noisy data. The maps for free HIV testing facilities accessibility (Figures 6.20 and
6.21) are almost the same to the maps for the general population.
The hot spot analysis of accessibility scores for low-cost and free facilities reveals an
unusual pattern (Figure 6.22): a cold spot zone appears in Baton Rouge. The explanation is that
the HIV rate is so high here that all available low-cost and free testing facilities cannot satisfy the
demand. This explains why Baton Rouge still has such a high rate of HIV-infected people
unaware of their positive status. Hot spots of free and low-cost testing accessibility are only in
locations with a lower number of PLWHA. The hot spot analysis of free testing locations alone
again shows a large hot spot in Baton Rouge (Figure 6.23), however, the only reason for such a
result is that there is no access at all in other areas, because of the concentration of most free
providers in Baton Rouge.
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Figure 6.18. Accessibility scores for census tracts in the study area; PLWHA, low-cost
and free testing facilities, 30 minutes (color scheme Brewer, 2019, borders U.S. Census Bureau,
2019, software ESRI, 2018).
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Figure 6.19. Accessibility scores for census tracts in the study area; PLWHA, low-cost
and free testing facilities, 40 minutes (color scheme Brewer, 2019, borders U.S. Census Bureau,
2019, software ESRI, 2018).
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Figure 6.20. Accessibility scores for census tracts in the study area; PLWHA, free testing
facilities, 30 minutes (color scheme Brewer, 2019, borders U.S. Census Bureau, 2019, software
ESRI, 2018).
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Figure 6.21. Accessibility scores for census tracts in the study area; PLWHA, free testing
facilities, 40 minutes (color scheme Brewer, 2019, borders U.S. Census Bureau, 2019, software
ESRI, 2018).
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Figure 6.22. Hot spot analysis for accessibility scores at the census tract level; PLWHA, low-cost
and free testing facilities (borders U.S. Census Bureau, 2019, software ESRI, 2018).
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Figure 6.23. Hot spot analysis for accessibility scores at the census tract level; PLWHA,
free testing facilities (borders U.S. Census Bureau, 2019, software ESRI, 2018).
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CHAPTER 7. CONCLUSION
This study became the first example of accessibility methods application to HIV testing
facilities. Testing facilities accessibility affects people’s willingness to get tested and the
opportunity to receive the service for low income and uninsured population. Therefore, testing
facilities accessibility is a crucial factor in fulfillment of national and statewide goals of ending
the HIV epidemic (Louisiana HIV Planning Group, 2016; ONAP, 2015).
In this study, free HIV testing facilities were identified, personally checked, geocoded,
and mapped. Accessibility for general population and vulnerable populations was calculated
using the 2SFCA method. Patterns in accessibility were identified using the hot spot analysis
with the local Getis-Ord Gi* coefficient. The next sections of this chapter discuss the
achievements of this study in more details.
This study accomplished the following tasks.
1) A fieldwork to check information about free HIV facilities gathered from the Internet.
During the fieldwork 22 testing locations in 12 cities were visited.
2) A geodataset of free, low-cost, and fully charged HIV testing providers at the BR
MSA and surrounding area in 2018-19 was created. This data was collected for the
first time during this study. The full list contains 100 active HIV testing facilities.
3) Disaggregation analysis to find HIV prevalence rates at the census tract level using a
linear model. The model found in this study is far from perfect. However, it was made
with publicly available data using open source software and represents an unusual
approach to acquiring unavailable data. If further improvement of the model makes it
more robust, the results will be very useful for small scale geographic studies.
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4) Road network modelling. The road network to calculate an O-D travel time matrix
was created from open source data and compared with Google Maps to check the
quality.
5) Application of the 2SFCA method to HIV testing facilities and computation of
accessibility scores for the total population of the BR MSA at the census tract level
and at the block group level. Also, computation of accessibility scores for 2
population subsets, namely the uninsured population and PLWHA as a proxy of the
vulnerable population at the census tract level. Scores showed differences in
accessibility to each type of the testing service (free, low-cost, fully charged) for
selected population subsets.
6) The hot spot analysis of accessibility scores. This additional step in the accessibility
analysis allowed to identify clusters of enumeration units grouped by comparatively
low and high accessibility to services.
The major findings of this study are listed below.
1) There are much less free HIV test providers than it may be concluded from an
Internet search. The results of the fieldwork were striking. The number of facilities
willing to provide free testing decreased dramatically from the original count. Also,
even the available facilities have short working hours and turned out to be very
difficult to find.
2) Almost all free test providers are clustered in the largest cities, like Baton Rouge and
Lafayette, while the cities’ outskirts and neighboring parishes do not have such
service. Out of 11 active free HIV testing facilities 10 are in Baton Rouge, the
remaining one is in Lafayette.
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3) The low-cost testing providers are allocated equally throughout the study area and
partly compensate for the lack of free HIV testing providers for people outside of the
largest cities. The most part of those low-cost providers are parish Health Units in
Louisiana and county Health Departments in Mississippi, one or two of which are
located in each parish/county capital city.
4) Accessibility scores are almost equal for the total population and the uninsured
population; however, they are very different for PLWHA. This may be a result of
those subset percentage differences. The uninsured population represents 1%-30% of
the total population (for 90% of census tracts the percentage is 1-20%). PLWHA have
a significantly lower percentage (from 0 to 6.8%), however, after 10 times inflation
the range became much wider, than the range of the uninsured population percentage.
The inflation of accessibility coefficients (per 100,000 for the total population, per
10,000 for the uninsured, per 1000 the PLWHA) was performed to avoid appearance
of long decimal numbers with many zeros that are hard to read.
5) The entire population of the BR MSA has access to HIV testing facilities, low-cost,
and fully charged, within a 30-minute driving time threshold (with an exception of
one isolated census tract in West Feliciana Parish at the Louisiana-Mississippi
border).
6) The population, located in the BR MSA, but close to its borders, has no access to free
HIV testing providers even within a 40-minute threshold driving time. The hot spot
analysis always showed a hot spot of high accessibility in Baton Rouge, because other
areas (with the exception of Lafayette) have no access at all, being beyond the 40minute threshold driving time.
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7) The hot spot analysis revealed that accessibility to HIV testing facilities is higher in
the northeastern part of the study area and lower in the southwestern part. People in
East Baton Rouge, East Feliciana, St. Helena, and Livingston parishes have better
access, than people in Assumption, Iberia, and Point Coupee parishes.
8) The hot spot analysis showed inverse patterns of accessibility to low-cost, as well as
to fully paid HIV testing providers for the general population and PLWHA. The total
population has a hot spot of high accessibility in Baton Rouge, where a lot of testing
facilities are located. At the same time, the PLWHA population has a cold spot of low
accessibility in Baton Rouge, while having hot spots in the surrounding of Baton
Rouge. The HIV prevalence rate is so high in Baton Rouge, compared to the
surrounding areas that numerous testing providers located here cannot balance the
enormous demand.
The next section discusses possibilities for a future research.
1) Improvements of travel time estimation.
a. To calculate precise accessibility scores, high quality of travel time measurements
is required. One possible option is to improve the road network model using
fieldwork, data from road cameras, and other sources to get more realistic speed
limits for road segments. Another option is to use Google Maps, or other
navigation systems like Here, in order to use the same data that do clients, when
they estimate travel time to the nearest service provider.
b. Adding to the model the travel time by public transportation may significantly
improve the quality of accessibility scores in large cities, such as Baton Rouge
and Lafayette. These two cities have extensive bus networks, and the percentage

80

of households without a car is much higher here than in areas without public
transportation (U.S. Census Bureau, 2018b).
2) It is interesting to try several additional threshold travel time limits. For example,
accessibility scores are comparatively high for all testing facilities, lower threshold
may reveal gaps in service for people who are not willing to drive more than 15 or 20
minutes. Also, for free HIV testing providers the service area does not cover a whole
territory of the BR MSA, a larger threshold will show what driving time is needed to
residents of distant census tracts. Moreover, other approaches to distance decay
measurement are possible. While 2SFCA uses a threshold distance, a gravity function
or a multi-zone hybrid approach may suit better in this case.
3) Additional information about the demand and supply locations would enrich the
results of accessibility analysis.
a. Hospitals, emergency rooms, and specialty clinics (for example, fertility clinics)
also provide HIV testing, but require a doctor’s referral. They may be included in
the calculation of accessibility with specific coefficients or as a separate layer on
the interactive multi-layer map.
b. Working hours of testing providers may be used as capacity variable in the
2SFCA computations. Working hours vary a lot (from 2 hours a week to 12 hours
7 days a week), which surely influences accessibility.
c. An alternative subset of the population could be used as the demand parameter.
For example, racial and age groups, unemployed population, and population
living on earnings below federal poverty level.
4) The same method could be applied to any other MSA, urban or rural areas in the U.S.
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APPENDIX A. LIST OF HIV TESTING PROVIDERS
IN THE STUDY AREA
Address
1000 Irene St
1000 Parkview Dr
1014 W Tunnel Blvd

City
Liberty, MS
New Iberia, LA
Houma, LA

1115 Weber St

Franklin, LA

1121 Hwy 98/51

McComb, MS

1124 7th St

Morgan City, LA

114 E Presley Blvd
11441 Industriplex
Blvd
1200 David Dr
12025 Justice Ave
12080 Marston St
12090 S Harrells
Ferry Rd
1216 Victor II Blvd

McComb, MS

Name
Amite County HD
LabCorp
Teche Action Clinic
Amite County Medical
Services
Ascension Parish HU Gonzales
LabCorp
Teche Action Clinic
Franklin
Any Lab Test Now
Teche Action Clinic
Morgan City Health Center
Pike County HD

102 W Freedom Dr

Liberty, MS

Baton Rouge, LA

LabCorp

1024 SE Ascension
Complex
1109 C M Fagan Dr

133 W 112th Street
13318 Berry Bowl
Rd
14635 S Harrell's
Ferry Rd
1495A US Hwy 61 S
15481 W Club
Deluxe Rd

Gonzales, LA
Hammond, LA

Morgan City, LA
Baton Rouge, LA
Clinton, LA

St. Mary Parish HU
Journey Medical
East Feliciana Parish HU
Quest Diagnostics (A
Baton Rouge, LA
Breath Away)
Morgan City, LA Clinical Pathology Labs
Lafourche Parish HU Cutoff, LA
Cutoff
Southeast Community
Independence, LA Health Systems
Independence
Baton Rouge, LA

Any Lab Test Now

Woodville, MS

Family Health Care Clinic
Tangipahoa Parish HU Hammond

Hammond, LA

158 Hwy 1008

Napoleonville,
LA

15813 Paul Vega Md
Dr

Hammond, LA

159 W 3rd St

Edgard, LA

Assumption Parish HU
North Oaks Infectious
Disease
Teche Action Clinic
Edgard Health Center

(table cont’d.)
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Type
Claimed
Real
Free
Low-cost
Free

Free

Low-cost

Free

Free
Free

Low-cost

Free

Low-cost

Free

Low-cost

Free

Low-cost

Lowcost

Low-cost

Free

Low-cost

Free

Low-cost

Free

Hospital

Free

Address
1602 S Burnside Ave

City
Gonzales, LA

1709 Ridgefield Rd

Thibodaux, LA

1826 Martin Luther
King Blvd
189 Mozart Dr
20399 Government
Blvd

Houma, LA

Quest Diagnostics

Houma, LA

Teche Action Clinic Dulac

Livingston, LA

Livingston Parish HU

2124 Wooddale Blvd

Baton Rouge, LA

217 La Rue France
220 W Willow St

Lafayette, LA
Lafayette, LA

2304 S Burnside Ave

Gonzales, LA

2312 E Main St

New Iberia, LA

235 Civic Ctr Blvd

Houma, LA

24705 Plaza Dr

Plaquemine, LA

2535 Veterans Blvd

Thibodaux, LA

2741 W Thomas St
2799 W Thomas St
282 B Hospital Rd
29170 Health Unit St

Hammond, LA
Hammond, LA
New Roads, LA
Vacherie, LA
St Martinville,
LA

303 W Port St
30575 Old Baton
Rouge Hwy
308 W Bloch St
3140 Florida Blvd

Name
Quest Diagnostics
Teche Action Clinic
Thibodaux Health Center

Hammond, LA
Opelousas, LA
Baton Rouge, LA

Type
Claimed
Real
Free

Free

Low-cost

Free

Free

Free

Low-cost

Free

Low-cost

Free

Low-cost

Free
Free

Low-cost
Low-cost

St. Martin Parish HU

Free

Low-cost

Southeast Community
Health Systems Albany
St. Landry Parish HU
CareSouth
Quest Diagnostics (in
HEATHremede Family
Walk-in)
Tangipahoa Parish HU Amite
ExamOne
East Baton Rouge Parish
HU

Lowcost
Free
Free

Volunteers of America Greater Baton Rouge
LabCorp
Lafayette Parish HU
Clinical Pathology Labs
Caro Clinic
Iberia Medical Center
START Community
Health Center
Iberville Parish HU
Lafourche Parish HU Thibodaux
Clinical Pathology Labs
Quest Diagnostics
Pointe Coupee Parish HU
St. James Parish HU

3235 Perkins Rd

Baton Rouge, LA

330 W Oak St

Amite, MS

345 Doucet Rd

Lafayette, LA

353 N 12th St

Baton Rouge, LA

3535 S Sherwood
Forest Blvd

Baton Rouge, LA

Quantum Laboratories

3801 N Blvd

Baton Rouge, LA

Open Health Clinic

(table cont’d.)
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Low-cost
Low-cost
Free

Free

Low-cost

Free

Low-cost

Free

Free

Address

City

4336 N Blvd

Baton Rouge, LA

4414 Johnston St
4510 Ambassador
Caffery Pkwy

Lafayette, LA

Name
Teche Action Clinic Pierre
Part Health Center
Know For Sure
Planned Parenthood Gulf
Coast Incorporated
Pathology Laboratory
Consultants
Martin Luther King Center
Avoyelles Parish HU Bunkie
Adams County HD
Access Health Louisiana
Tangipahoa Community
Health Center
Affordable Laboratory
Services
Any Lab Test Now

Lafayette, LA

Clinical Pathology Labs

4550 N Blvd

Baton Rouge, LA

4560 North Blvd

Baton Rouge, LA

471 Central Ave

Reserve, LA

4727 Revere Ave

Baton Rouge, LA

473 Central Ave

Reserve, LA

490 Sitman St

Greensburg, LA

4906 Ambassador
Caffery Pkwy

Lafayette, LA

LabCorp

500 Patterson St

Lafayette, LA

Southwest Louisiana
Center for Health Services

5000 Ambassador
Caffery Pkwy

Lafayette, LA

Quest Diagnostics

501 Edwin Neill Way

Hammond, LA

510 S Burnside Ave

Gonzales, LA

3617 Hwy 70 S

Pierre Part, LA

3813 N Flannery Rd

Baton Rouge, LA

3825 Government St

Baton Rouge, LA

3929 Convention St

Baton Rouge, LA

4000 Gus Young Ave

Baton Rouge, LA

406 Walnut St

Bunkie, LA

417 US-61

Natchez, MS

43251 Phyllis Ann Dr Hammond, LA

HIV/AIDS Alliance for
Region Two Incorporated
Baton Rouge AIDS
Society
Teche Action Clinic
Reserve Health Center
Family Service of Greater
Baton Rouge
St. John Parish HU
Southeast Community
Health Systems
Greensburg

Southeast Community
Health Systems
Westminster Gardens
Affordable Laboratory
Services

(table cont’d.)
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Type
Claimed
Real
Free

Free

Free

Free

Free

Free

Low-cost

Free

Low-cost

Lowcost

Low-cost

Free

Free

Free

Closed

Free
Free

Free

Free

Low-cost

Lowcost

Low-cost

Lowcost

Low-cost

Address
501 Rue De Sante

5922 W Main St
600 Polk St
601 Dunn St

City
Laplace, LA
St Francisville,
LA
Laplace, LA
Greensburg, LA
Saint Francisville,
LA
Houma, LA
Houma, LA
Houma, LA

602 N Acadia Rd

Thibodaux, LA

6300 Main St

Zachary, LA

6351 Main St

Zachary, LA

657 Government St

Marksville, LA

685 Louisiana Ave

Port Allen, LA

715 B Weldon St

New Iberia, LA

721 G Ave

Kentwood, LA

7278 Highland Rd

Baton Rouge, LA

7731 Perkins Rd
7922 Summa Ave
809 Martin Luther
King Jr. Dr
8130 Summa Ave
826 School St
8281 Goodwood
Blvd

Baton Rouge, LA
Baton Rouge, LA

Any Lab Test Now
Terrebonne Parish HU
LabCorp
Quest Diagnostics
(Thibodaux Regional
Medical Center)
Clinical Pathology Labs
(Lane Memorial Hospital)
Southeast Community
Health Systems
Avoyelles Parish HU Marksville
West Baton Rouge Parish
HU
Iberia Parish HU
Southeast Community
Health Systems
EMLA Emerging Care of
Louisiana
Quest Diagnostics
LabCorp

Lafayette, LA

Acadiana Cares

Baton Rouge, LA
Houma, LA

Clinical Pathology Labs
Labcorp
AIDS Healthcare
Foundation

5154 Burnett Rd
516 E Airline Hwy
53 N 2nd St
5325 Oak St

Baton Rouge, LA

8369 Florida Blvd

Denham Springs,
LA

855 Belanger St

Houma, LA

8595 Picardy Avenue

Baton Rouge, LA

Name
Quest Diagnostics

Type
Claimed
Real

West Feliciana Parish HU

Free

Low-cost

Right Choice Project
St. Helena Parish HU

Free
Free

Closed
Low-cost

Lowcost

Low-cost

Free

Low-cost

Free

Low-cost

Free
Lowcost

Low-cost

Free

Free

Free

Free

Free

Free

Lowcost

Low-cost

LabCorp (Daniel Clinic)

Low-cost

LabCorp
Clinical Pathology Labs
(360 Wellness)
Southeast Community
Health Systems Women's
Healthcare

(table cont’d.)
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Address
901 Catalpa St
905 Mickey Gilley
Ave
913 S College Rd

City
Donaldsonville,
LA

Name
Ascension Parish HU Donaldsonville

Ferriday, LA
Lafayette, LA

950 E Washington St

Baton Rouge, LA

991 1st S St

Woodville, MS

Type
Claimed
Real
Free

Low-cost

Concordia Parish HU

Free

Low-cost

Clinical Pathology Labs
Dr. Leo Butler Community
Center (Metro Health)
Wilkinson County HD

Free

Free

Free

Low-cost

- Read “HD” as Health Department, and “HU” as Health Unit
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APPENDIX B. RANDOM SAMPLE OF ROUTES FOR THE ROAD NETWORK
MODEL QUALITY TEST

#

Route Name
Adams County CT 5 - Southeast Community Health
457
Systems, Hammond
Amite County CT 9501 - Lafourche Parish HU 982 Thibodaux
1230 Ascension Parish CT 301.01 – W Baton Rouge Parish HU
Ascension Parish CT 301.03 - Quest Diagnostics, Baton
1417 Rouge
Ascension Parish CT 304.02 - Quest Diagnostics, Baton
2109 Rouge
Ascension Parish CT 306 - Clinical Pathology Labs,
2358 Morgan City
Ascension Parish CT 310 - Teche Action Clinic Edgard
2514 Health Center
Concordia Parish CT 5 - Clinical Pathology Labs,
4573 Hammond
East Baton Rouge Parish CT 1 - Teche Action Clinic,
4691 Houma
East Baton Rouge Parish CT 10 - Quest Diagnostics,
4711 Baton Rouge
East Baton Rouge Parish CT 11.03 - Planned Parenthood
4908 Gulf Coast Incorporated
East Baton Rouge Parish CT 28.01 - Quest Diagnostics,
6443 Hammond
East Baton Rouge Parish CT 30 - Quest Diagnostics,
6721 Baton Rouge
East Baton Rouge Parish CT 31.01 – LabCorp, Baton
6817 Rouge
East Baton Rouge Parish CT 35.01 - Southwest Louisiana
7461 Center for Health Services, Lafayette
East Baton Rouge Parish CT 35.06 - Volunteers of
7701 America - Greater Baton Rouge
East Baton Rouge Parish CT 35.06 - Teche Action Clinic
7756 Reserve Health Center
East Baton Rouge Parish CT 36.03 - Clinical Pathology
8039 Labs, Hammond
East Baton Rouge Parish CT 38.05 - Quest Diagnostics,
8839 Hammond
8882 East Baton Rouge Parish CT 38.05 - St. Mary Parish HU
(table cont’d)
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O-D
matrix
(min)

Google

Error

(min)

(min)

134

120

-14

141
28

140
35

-1
7

30

40

10

20

22

2

61

65

4

33

40

7

159

160

1

96

110

14

6

10

4

4

6

2

43

45

2

17

22

5

14

14

0

61

65

4

5

8

3

55

50

-5

38

40

2

39
79

45
85

6
6

#
9398
9567

Route Name
East Baton Rouge Parish CT 39.09 - Adams County HD
East Baton Rouge Parish CT 4 - St. Martin Parish HU
East Baton Rouge Parish CT 40.16 - Lafourche Parish HU
10497 - Cutoff
10628 East Baton Rouge Parish CT 42.03 - West Feliciana HU
East Baton Rouge Parish CT 42.05 - Clinical Pathology
10834 Labs, Gonzales
11175 East Baton Rouge Parish CT 44.01 - Pike County HD
East Baton Rouge Parish CT 45.04 - Southeast
11533 Community Health Systems, Zachary
East Baton Rouge Parish CT 45.10 - Teche Action Clinic
12096 Franklin Clinic
East Baton Rouge Parish CT 49 - Teche Action Clinic
12660 Pierre Part Health Center
East Baton Rouge Parish CT 5 - Avoyelles Parish HU 12789 Marksville
East Baton Rouge Parish CT 5 - Teche Action Clinic
12798 Dulac
East Baton Rouge Parish CT 53 – HIV/AIDS Alliance for
13108 Region Two Incorporated
East Baton Rouge Parish CT 7.01 – LabCorp, Denham
13428 Springs
East Baton Rouge Parish CT 7.01 - Lafourche Parish HU
13500 - Cutoff
Iberville Parish CT 9527 - Family Health Care Clinic,
15876 Woodville
16464 Lafayette Parish CT 1 - Quest Diagnostics, Hammond
Lafayette Parish CT 10.01 - Clinical Pathology Labs,
16504 Lafayette
Lafayette Parish CT 10.01 - Southeast Community Health
16578 Systems Greensburg
16607 Lafayette Parish CT 10.02 - Any Lab Test Now, Lafayette
Lafayette Parish CT 11 - Southeast Community Health
16860 Systems, Hammond
Lafayette Parish CT 12 - Pathology Laboratory
16923 Consultants, Baton Rouge
16931 Lafayette Parish CT 12 - Quest Diagnostics, Baton Rouge
17000 Lafayette Parish CT 12 - Lafourche Parish HU - Cutoff
Lafayette Parish CT 14.09 - Teche Action Clinic
17862 Thibodaux Health Center
(table cont’d)
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O-D
matrix
(min)
107
61

Google

Error

(min)
110
70

(min)
3
9

108
26

120
28

12
2

37
79

40
90

3
11

26

28

2

104

120

16

60

65

5

93

100

7

102

100

-2

3

7

4

20

24

4

118

120

2

77
89

85
90

8
1

8

12

4

101
11

100
16

-1
5

80

85

5

50
54
139

55
55
130

5
1
-9

90

90

0

#
Route Name
18075 Lafayette Parish CT 14.11 - Teche Action Clinic, Houma
18615 Lafayette Parish CT 19.01 - Iberia Medical Center
Lafayette Parish CT 21.03 - Southwest Louisiana Center
19603 for Health Services, Lafayette
20695 Lafourche Parish CT 201 - Amite County HD
21306 Lafourche Parish CT 207.04 - Quest Diagnostics, Houma
22169 Lafourche Parish CT 215 - St. Martin Parish HU
Lafourche Parish CT 216.02 - Teche Action Clinic,
22306 Houma
Lafourche Parish CT 217 - Pathology Laboratory
22449 Consultants, Baton Rouge
Lafourche Parish CT 217 - Any Lab Test Now, Baton
22451 Rouge
Lafourche Parish CT 218 - Any Lab Test Now, Baton
22549 Rouge
23172 Livingston Parish CT 402.02 – ExamOne, Lafayette
Livingston Parish CT 408.04 - Teche Action Clinic
24148 Edgard Health Center
Pike County CT 9501.01 - Planned Parenthood Gulf
24644 Coast Incorporated
24721 Pike County CT 9501.02 – LabCorp, Denham Springs
24860 Pike County CT 9502 - Adams County HD
25158 Pike County CT 9505 - Pointe Coupee Parish HU
St. James Parish CT 406 - Tangipahoa Parish HU 26754 Hammond
St. James Parish CT 407 - Clinical Pathology Labs,
26889 Lafayette
St. John the Baptist Parish CT 701 - Terrebonne Parish
26960 HU
27637 St. John the Baptist Parish CT 708 - CareSouth
St. John the Baptist Parish CT 710 - Any Lab Test Now,
27871 McComb
28231 St. Landry Parish CT 9603 - West Feliciana Parish HU
St. Landry Parish CT 9610 - Avoyelles Parish HU 28913 Bunkie
St. Landry Parish CT 9612 - Clinical Pathology Labs,
29167 Hammond
St. Landry Parish CT 9614 - Any Lab Test Now, Baton
29346 Rouge
St. Landry Parish CT 9614 - START Community Health
29396 Center
(table cont’d)
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O-D
matrix
(min)
98
40

Google

Error

(min)
100
50

(min)
2
10

7
132
23
117

12
130
30
130

5
-2
7
13

21

24

3

91

100

9

91

100

9

84
84

100
90

16
6

54

55

1

96
76
105
92

90
75
75
100

-6
-1
-30
8

56

60

4

111

120

9

71
52

60
50

-11
-2

82
69

90
75

8
6

65

55

-10

106

110

4

75

70

-5

127

120

-7

#

Route Name
St. Landry Parish CT 9615 - Clinical Pathology Labs
29448 (Lane Memorial Hospital)
St. Landry Parish CT 9616 - Avoyelles Parish HU 29518 Marksville
St. Landry Parish CT 9619 - Planned Parenthood Gulf
29822 Coast Incorporated
St. Landry Parish CT 9619 - Affordable Laboratory
29851 Services, Gonzales
30014 St. Martin Parish CT 202 - Iberia Medical Center
St. Martin Parish CT 203.02 - START Community Health
30294 Center
31136 St. Mary Parish CT 402 - St. John Parish HU
31159 St. Mary Parish CT 402 – LabCorp, Baton Rouge
31187 St. Mary Parish CT 402 - Tangipahoa Parish HU - Amite
St. Mary Parish CT 405 - Clinical Pathology Labs,
31430 Lafayette
St. Mary Parish CT 407 - Southeast Community Health
31682 Systems Westminster Gardens
Tangipahoa Parish CT 9532 - Southeast Community
32603 Health Systems Greensburg
Tangipahoa Parish CT 9534 - Quest Diagnostics, Baton
32829 Rouge
Tangipahoa Parish CT 9534 - Family Service of Greater
32833 Baton Rouge
Tangipahoa Parish CT 9535 - Any Lab Test Now,
32914 McComb
Tangipahoa Parish CT 9536 - Teche Action Clinic
33100 Franklin Clinic
Tangipahoa Parish CT 9539 - Teche Action Clinic
33398 Franklin Clinic
33577 Tangipahoa Parish CT 9540.02 - St. Martin Parish HU
Tangipahoa Parish CT 9542 - Clinical Pathology Labs
33850 (Lane Memorial Hospital)
West Baton Rouge Parish CT 201 - Any Lab Test Now,
34624 Baton Rouge
34837 West Baton Rouge Parish CT 203 - Livingston Parish HU
West Feliciana Parish CT 9518 - West Baton Rouge
35319 Parish HU
35691 Terrebonne Parish CT 1.01 - Pike County HD
Terrebonne Parish CT 10 - Ascension Parish HU 35829 Gonzales
(table cont’d)
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78

75

-3

58

65

7

58

60

2

78
41

80
45

2
4

111
70
79
120

120
80
80
130

9
10
1
10

66

70

4

115

110

-5

22

28

6

54

55

1

55

60

5

40

50

10

144

140

-4

133
103

130
110

-3
7

55

65

10

13
40

14
40

1
0

37
127

35
130

-2
3

81

90

9

#
Route Name
36170 Terrebonne Parish CT 12.02 – LabCorp, Lafayette
36552 Terrebonne Parish CT 16 - CareSouth
Terrebonne Parish CT 16 – HIV/AIDS Alliance for
36556 Region Two Incorporated
Terrebonne Parish CT 4.01 - Affordable Laboratory
37054 Services
Terrebonne Parish CT 4.02 – HIV/AIDS Alliance for
37151 Region Two Incorporated
37367 Terrebonne Parish CT 6 – LabCorp, Denham Springs
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87
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Error

(min)
140
100
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11
13

87

100

13

90

100

10

88
102

100
110
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APPENDIX C. ADDITIONAL MAPS

Figure C.1. The accessibility scores for the block groups in the study area; total population, all
testing facilities, 30 minutes (color scheme Brewer, 2019, borders U.S. Census Bureau, 2019,
software ESRI, 2018).
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Figure C.2. The accessibility scores for the block groups in the study area; total
population, all testing facilities, 40 minutes (color scheme Brewer, 2019, borders U.S. Census
Bureau, 2019, software ESRI, 2018).

93

Figure C.3. The accessibility scores for the block groups in the study area; total
population, low-cost and free testing facilities, 30 minutes (color scheme Brewer, 2019, borders
U.S. Census Bureau, 2019, software ESRI, 2018).
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Figure C.4. The accessibility scores for the block groups in the study area; total
population, low-cost and free testing facilities, 40 minutes (color scheme Brewer, 2019, borders
U.S. Census Bureau, 2019, software ESRI, 2018).
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Figure C.5. The accessibility scores for the block groups in the study area; total
population, free testing facilities, 30 minutes (color scheme Brewer, 2019, borders U.S. Census
Bureau, 2019, software ESRI, 2018).
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Figure C.6. The accessibility scores for the block groups in the study area; total
population, free testing facilities, 40 minutes (color scheme Brewer, 2019, borders U.S. Census
Bureau, 2019, software ESRI, 2018).
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Figure C.7. Accessibility scores for census tracts in the study area; PLWHA, all testing
facilities, 30 minutes (color scheme Brewer, 2019, borders U.S. Census Bureau, 2019, software
ESRI, 2018).
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Figure C.8. Accessibility scores for census tracts in the study area; PLWHA, all testing
facilities, 40 minutes (color scheme Brewer, 2019, borders U.S. Census Bureau, 2019, software
ESRI, 2018).
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Figure C.9. Accessibility scores for census tracts in the study area; uninsured population,
all testing facilities, 30 minutes (color scheme Brewer, 2019, borders U.S. Census Bureau, 2019,
software ESRI, 2018).
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Figure C.10. Accessibility scores for census tracts in the study area; uninsured
population, all testing facilities, 40 minutes (color scheme Brewer, 2019, borders U.S. Census
Bureau, 2019, software ESRI, 2018).
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Figure C.11. Hot spot analysis for accessibility scores at the census tract level; PLWHA,
all testing facilities (borders U.S. Census Bureau, 2019, software ESRI, 2018).
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Figure C.12. Hot spot analysis for accessibility scores at the census tract level; uninsured
population, all testing facilities (borders U.S. Census Bureau, 2019, software ESRI, 2018).
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Figure C.13. Hot spot analysis for accessibility scores at the census tract level; uninsured
population, low-cost and free testing facilities (borders U.S. Census Bureau, 2019, software
ESRI, 2018).
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Figure C.14. Hot spot analysis for accessibility scores at the census tract level; uninsured
population, free testing facilities (borders U.S. Census Bureau, 2019, software ESRI, 2018).
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Baton Rouge AIDS Society. http://www.batonrougeaidssociety.org
AHF – AIDS Healthcare Foundation. https://locations.freehivtest.net/
Woman’s Hospital. http://www.womans.org
Walk-In-Lab. https://www.walkinlab.com/
Jason Health. https://www.jasonhealth.com/
Clinical Pathology Laboratories. https://www.cpllabs.com
Journey Medical. https://journeymedical.square.site/
RequestATest. https://requestatest.com
AnyLabTest Now! https://www.anylabtestnow.com
LabDraw. https://www.labdraw.com
ExamOne. https://www.examone.com
Quest Diagnostics. https://appointment.questdiagnostics.com
LabCorp. https://www.labcorp.com/
Centers for Diseases Control and Prevention. https://gettested.cdc.gov/
Ochsner Health. Outpatient Diagnostic Center. https://www.ochsner.org/services/outpatientdiagnostic-center
Ochsner Health. CareTouch Labs. https://www.ochsner.org/services/caretouch-lab-locations
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Our Lady of the Lake. Laboratory and Diagnostics. https://ololrmc.com/services/laboratory-anddiagnostics
Our Lady of Lourdes. Lab Services. https://lourdesrmc.com/services/lab-services
Southeast Community Health Systems. https://www.shchc.org/locations
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